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Abstract
Side-by-side robotic wheelchairs have significant direct benefits for users and less-
ening the burden on caregivers. The autonomous navigation function for side-by-
side robotic wheelchairs has attracted the attention of many researchers recently.
The challenge is to enable side-by-side robotic wheelchairs not only to continu-
ously maintain the side-by-side formation with caregivers, but also to find suitable
methods to avoid collision with obstacles in the environments, and bring comfort to
those sitting in the wheelchairs. This problem is more complex in crowded environ-
ments where robots have not only to navigate to destinations alongside caregivers,
but also to avoid any moving obstacles and pedestrians. Moreover, the robots need
the ability to move in harmony in crowded environments, respecting the comfort of
the caregivers and surrounding people. Those capabilities are necessary for side-
by-side robotic wheelchairs to become accepted in the daily activities of humans.
The main objective of this research is to develop a novel navigation model for
side-by-side robotic wheelchairs in order to help them navigate as humans nor-
mally do in human environments.
First, the thesis presents the research background information, including hu-
man walking habits, prediction methods for indoor robot navigation, and recent re-
lated research results. To design a mobile robot capable of navigating in crowded
environments, it is essential to understand how humans move, how they avoid col-
lisions and maintain social relationship, how they interact with each other, and how
they react in each circumstance. Based on that knowledge, the robot is able to
predict the next movements and intentions of humans and objects in each situa-
tion, since then it can adjust moving plans to avoid collision, bringing safety and
comfort to the wheelchair users, and maintaining a harmonious atmosphere with
its partners and surrounding people.
In particular, my investigation shows that human walking plans depend not only
on physical constraints such as architectures of the environments but also on their
walking habits. When people can maintain their walking habits, they normally feel
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more comfortable. Therefore, to effectively anticipate human intentions and adjust
accordingly, side-by-side robotic wheelchairs not only have to measure the physical
factors, e.g. walking velocity, acceleration, etc., of partners and surrounding people
but also have to consider factors related to human walking habits as well.
This thesis proposes the novel robot navigation methods that take into account
the social interactions between people in various situations, especially in the sce-
narios of walking sessions with a side-by-side robotic wheelchair alongside a care-
giver. In order to acquire more intelligence for the navigation algorithm, I propose
to integrate seamlessly the factors related to human habits information into a new
robot planning approach. In this study, two factors - Vision and Friendly Link factors
- were discovered and modeled into the novel navigation models. Active mode was
also discovered as a main walking mode of pairs. In addition, a method to deter-
mine the Preferred Walking velocity of pairs was proposed. All of these elements
have been modeled and integrated into the new navigation model. I believe that,
by applying the developed models in this study, side-by-side robotic wheelchairs
can bring more comfort to wheelchair users, caregivers, and surrounding people,
and therefore they can be more easily accepted in daily activities.
Performance evaluation is essential for the validation of the navigation models.
In this thesis, I have implemented all the navigation algorithms in a simulation to
measure the performance of our models based on real recorded data. The solu-
tions proposed by the new models were compared with the previous models and
the real decision made by humans, and the results showed that the new models
can bring significantly better outcomes than previous models.
Keywords: side-by-side, robotics, wheelchairs, social comfort, navigation, opti-
mizing, artificial intelligence, computer science
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Chapter 1
Introduction
The world population is ageing and the demand for caring services for the elderly
is also increasing [14]. According to World Bank’s data, in 1960 only 4.98% of
the world’s population was over 65, but by 2016, the rate had increased to 8.48%.
In addition, the number of disabled people has also increased [15]. About 15%
of the world’s population lives with some form of disability, of whom 2-4% suffer
from significant impairments. From the 1970s, the global disability prevalence in-
creased by about 10%. Aside from population ageing, the rapid spread of chronic
diseases, the consequences of malnutrition, child labor, and other causes such as
armed conflict and violence contributed into this trend. Meanwhile, the proportion
of people of working-age has been reducing, especially in developed countries.
In G7 countries, according to OECD data, the proportion of the working-age pop-
ulation declined from 1990 to 2014, from 67.27% to 65.3%. Consequently, this
has increased the cost of labor intensive services including caring services for the
elderly and disabled.
On the other hand, robotic technologies have the potential to improve the lifestyles
of people suffering from one or more disabilities [16]. These technologies are also
able to reduce the need for labor. Nowadays, robotic applications are not confined
to industries but they are expanding to in-house services. For example, robots are
being developed to work in hospitals, museums, nursing houses, or office build-
ings, where they provide many different services such as delivery, education, or
supporting people.
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Figure 1-1 illustrates various kinds of robots used for in-house services. Fig-
ure 1-1 a) is a health care mobile robot: it can support tasks such as measuring
heart rate or blood pressure for patients. Figure 1-1 b) is a guiding robot to help vis-
itors in museums. Figure 1-1 c) is a robot for supporting physical therapy services.
Figure 1-1: Robotic applications are expanding to in-house services (sources:
Internet)
One significant application is to reduce the burden of caring services. Studies
about this function of robots are often categorized under the terms Rehabilitation
Technologies or Assistive Technologies. They endeavor to reinstate human abili-
ties which have been debilitated, impaired, or lost by old age, accident, or disease.
A key example is assisting persons whose movability has been impaired. With such
people, wheelchairs are a mechanical device which can assist. A basic mechani-
cal wheelchair can help a person who has lost control of his or her leg(s) to move.
More advanced electric wheelchairs can offer better support for the disabled by not
requiring their own strength to move the wheels other than using some small effort
to control, for example, using some fingers. Wheelchairs applying robotic tech-
nologies, as illustrated in Figure 1-2, can do even better; for example they can be
controlled by brain signals or head gestures, since then they can support people
with different kinds of disabilities.
Figure 1-2 a) illustrates a wheelchair which can be controlled by brain signals; it
supports people with paralysis. Figure 1-2 b) shows a wheelchair robot which can
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Figure 1-2: Different approaches have been studied to improve ways wheelchairs can
be controlled
move over complex surfaces. Figure 1-2 c) presents a wheelchair robot which can
be controlled by head gestures; it is useful for people who cannot use their hands.
However, in many severe forms of disablement, the ability of the disabled per-
son to control their wheelchairs is entirely precluded. Consequently, in certain
environments, e.g. in hospitals or nursing homes, caregivers have to take con-
trol of the moving function of the wheelchairs. This puts an extra burden on the
caregivers.
This challenge has recently drawn the attention of robotic researchers to de-
velop autonomous devices, including autonomous wheelchairs [17]. Some remark-
able examples of robotic wheelchair studies can be seen in [9,10,12,18,19].
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1.1 Problem statement
A relatively new research initiative in the field of autonomous robotic wheelchairs is
to develop wheelchairs that can autonomously move with a caregiver in a peer-like
manner. Such robotic wheelchairs have three main characteristics:
∙ They are designed to move along with a caregiver.
∙ They are autonomous systems: they don’t need to be controlled by either the
wheelchair users or the caregivers.
∙ They act as companions to the caregiver and surrounding people. More pre-
cisely, these robotic wheelchairs are able to move in a way similar to how
humans do, acting as companions to caregivers in the way they move.
This ability can not only ease the workload of the caregivers, but also satisfy the
psychological needs of the wheelchairs users, because it can bring to them a feel-
ing of being a healthy, free person rather than a disabled person who totally relies
on a caregiver. In addition, by moving as humans do, the wheelchairs can work in
harmony with surrounding people, and be more easily accepted in human environ-
ments.
Initial research efforts brought to us robotic wheelchairs which can follow a
caregiver, or in some cases, are able to lead a person or even a small group.
However, studies of human walking behaviors, e.g. [20, 21] indicate that walking
side-by-side is the most comfortable method preferred by pairs (Figure 1-3). It is a
more comfortable motion pattern for a friendly pair rather than, for example, walking
one after the other. This is explained referring to the psychological benefits it brings
to both members of the pair [20–22]. Therefore, robotic wheelchairs should be
able to move alongside caregivers in a manner suited to human companionship.
For that reason, recent research efforts focus on developing robotic wheelchairs
which can move alongside a caregiver. This kind of robotic wheelchair is called
side-by-side robotic wheelchairs.
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Figure 1-3: Maintaining side-by-side formation is a natural habit of humans in
walking
So far, we know that autonomously moving side-by-side is not a trivial task [12].
People normally take it for granted that walking is a simple task [23] in which they
only need to "move" from a place to another place. Yet, those actions are combi-
nations of multiple complex tasks. In the case of a mobile robot moving alone, the
following basic tasks need to be processed:
∙ Building a map. The robot has to use its sensors to receive information from
the environment to build a basic map. During a moving task, that map has to
be continuously updated following the changes in the environment.
∙ Localization. Before executing any moving action, the robot has to localize it-
self in the map. The question "Where am I?" has to be continuously answered
after each action.
∙ Calculating a plan to move. The robot needs to determine the destination that
it wants to move to, and compute an optimal plan to move to the destination.
That plan needs to be divided into multiple steps suitable to the moving ability
of the robot. For example, if one "moving command" can help the robot move
18
1 meter, and the length of the pathway is 10 meters, then the robot needs to
divide the optimal plan into 10 steps. With the smaller length of each move,
the robot is able to react better to changes in the surrounding environment.
∙ Executing one or several steps in the plan that it made.
∙ After executing one or several steps, the robot needs to return to the local-
ization step, re-computing the moving plan following any changes of the envi-
ronment to make sure that they keep moving to the destination and avoiding
any collisions with static and moving obstacles on the way.
All the above actions will be more complicated if our robots move in pairs or
in groups. In those situations, they not only need to consider their own plan to
navigate to the destination but also to consider the interactions with their partners
and surrounding people, respecting their movements, and respecting the feeling
of wheelchair users, i.e. considering the social comfort of everyone in the en-
vironments. Moreover, when our robots are deployed in urban environments, the
problem becomes a much more challenging task. Because urban environments
are designed for humans, our robots have to move in harmony and naturally with
surrounding people, otherwise they would not be socially accepted in the human
world in the ordinary everyday [24–26]. Particularly, in the case of side-by-side
robotic wheelchairs, they cannot simply move forward but must move "beside" a
caregiver, and they have to perform more complicated tasks. Basically, aside from
the tasks the mobile robots moving alone have to process, side-by-side robotic
wheelchairs have to consider:
∙ Detecting and tracking the caregiver. To move alongside a caregiver, our
robot has to know where the caregiver is.
∙ Determining the destination and sub-goals of the caregiver. Essentially, the
robot follows the caregiver; therefore it needs to predict the moving intention
of the caregiver. The caregiver has a final destination to move to, and he/she
has a plan to move to that destination. In that plan, he/she will move through
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some transition points, called sub-goals. For example, if the caregiver wants
to move from one room to the next room, he/she must walk through a door. In
this case, that door is a sub-goal, and the next room is the destination. Only
by accurately predicting his/her destination and sub-goals, the side-by-side
robotic wheelchair can build a suitable plan to move alongside the caregiver.
∙ Determining the moving plan of the caregiver, and the next position that
he/she intends to move to. Otherwise the side-by-side formation cannot be
maintained.
∙ Detecting the positions of all the moving objects, including humans, in the
environment, and predicting the next positions they intend to move to. The
better the robot can anticipate the locations they want to move to, the better
the moving plan that the robot can make in order to move in harmony and
avoid collision.
As can be seen, the requirements for a successful implementation of the mov-
ing mission are quite rigorous. To move with a caregiver, there are many factors
that side-by-side robotic wheelchairs have to consider, such as keeping a stable
relative distance to their partner, moving at a preferred velocity and reducing the
acceleration changes, avoiding static and moving obstacles in a comfortable man-
ner, etc. [1,27–35] in order to bring comfort to the wheelchair users and their care-
givers.
Figure 1-4 illustrates the main modules that a side-by-side robotic wheelchair
should have. It needs a sensor system to collect information from environments
for building the map, localization, and detecting caregivers and moving objects, in-
cluding surrounding people. When the data is collected, it needs some algorithms
to predict the future positions of the caregivers and moving objects to successfully
build an optimal side-by-side moving plan, then it sends commands to the controller
to move the wheelchair.
Based on that analysis, researchers have recently agreed that it is not suffi-
cient to tackle the navigation problem for side-by-side robotic wheelchairs by rely-
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Figure 1-4: The system framework for side-by-side robotic wheelchairs
ing only on some robust technical methods. The understanding of human walking
behaviors must be fully incorporated into the navigation function. To achieve that,
different approaches have been studied and implemented. As a result, the navi-
gation function for this kind of robot has been developed and improved. However,
the number of problems which have been tackled is still limited. The solutions for
many important problems have not been found; consequently these robots are still
lacking the ability to move naturally in crowded environments as humans normally
do.
1.2 Thesis aims
Motivated by the current day context of rising demands and issues in caring ser-
vices for elderly and disabled people, this thesis and associated research seeks to
develop autonomous moving functions which will assist wheelchair users to move
more freely and lessen the burden of caring services on caregivers. My research
aims to improve the navigation functions for side-by-side robotic wheelchairs in
some real world scenarios by incorporating the human walking habits into the nav-
igation functions, tackling some common problems which have not been solved or
21
have not been effectively solved in the previous studies. The research not only con-
siders the technical solutions for side-by-side robotic wheelchairs, but also takes
into account the comfort of wheelchair users, the caregivers, and surrounding peo-
ple. By improving the comfort of all the related people in the situation, i.e. by
optimizing the social comfort, autonomous robotic wheelchairs should improve the
chances for them to be accepted by humans in daily life.
In this thesis, I will employ the understanding about humans’ walking behaviors
discovered by previous studies, including walking and chatting behaviors between
pairs, in order to develop state-of-the-art navigation models for side-by-side robotic
wheelchairs. Through my own observations and actual studies, the thesis aims to
investigate the feasibility and usability of the previous studies, find out their limi-
tations, and finally discover new factors which affect the pairs in walking, factors
that have not been incorporated into these models. This knowledge is used as
a base to develop a novel navigation model which can overcome the limitations
of previous studies, bringing a better solution for this assisted device. The thesis
research results should be a useful model for future design of side-by-side robotic
wheelchairs.
Given the multifaceted complexity of the navigation function in crowded en-
vironments, the developed model from this research is expected to tackle some
common problems in real-world scenarios, particularly two common situations in
walking of pairs, without endeavouring to provide a universal solution for every sit-
uation. Some modules illustrated in Figure 1-4 have been assumed to be ready to
use, including the caregiver and pedestrian detection and tracking modules; map
building, map, and localization modules; and physical control modules. On the one
hand, my studies simulated some common human environments in a lab for the
purpose of minimizing unpredictable factors. Participants involved in the studies
were asked to act naturally as humans normally would do, since then this will en-
sure that the new model is practical in real-world scenarios. On the other hand,
some uncertain factors need further study. For example, no animals or pets are
present in the environments.
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1.3 Research approach
As stated in the previous sections, the main objective of this thesis is to develop
new navigation models for side-by-side robotic wheelchairs by incorporating knowl-
edge about human walking behaviors, based on state-of-the-art navigation mod-
els for this kind of robot. Through my investigation about the current navigation
models which can be employed by side-by-side robotic wheelchairs, I have some
comments as follows:
∙ Factors affecting the pairs. The current factors that have been incorporated
into the navigation models mainly focus on the “physical part” of the relation-
ship between walking pairs, including velocity, acceleration, spatial forma-
tion, walking direction, or distance to sources of danger (e.g. obstacles). Yet,
some other important factors related to relationship between pairs, or interac-
tion between people in crowded environments have not been mentioned, e.g.
gestures between pairs. We know that information conveyed and received
through gestures and other non-verbal interchanges between both members
of the pair can be very complex. To maintain a meaningful conversation, peo-
ple not only exchange their verbal messages but also their gestures in order
to exchange ideas and intentions. To take a more complicated example, sup-
posing a pair is walking in a corridor and a member of the pair suddenly looks
back and move close to a corridor’s wall, the other can tacitly understand that
someone behind wants to pass them. Obviously, gestures can affect the nav-
igation plan of pairs. Some previous research, e.g. [36, 37] has noted how
such information can predict the future trajectory of a person, yet so far no
research has been effectively employed for side-by-side robotic wheelchairs.
∙ Human walking behaviors. The current models were also developed on an
assumption that the robot, or both the robot and the caregiver, are respon-
sible for finding optimal trajectory plans to pass pedestrians and moving ob-
jects. Yet this hypothesis is too simplistic. In human world scenarios, all the
partners involved in a scene are responsible for this action. In other words,
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people normally co-operate with other people to find an optimal plan for ev-
eryone; they respect the comfort, movements, and intentions of the others.
This behavior has been discovered and incorporated into several models,
e.g. [25,25,38–41]. Yet, in the case of side-by-side robotic wheelchairs, none
of the developed studies have modeled and incorporated this behavior into
their navigation models.
∙ Navigation situations. Some developed models have arranged several sim-
ple scenarios, including a static environment without any obstacles, or with
some obstacles arranged in some specific settings. These settings lead to
the navigation models that can work in the actual situation encountered, yet
they cannot work properly in other circumstances. Some other models have
been based on technical solutions; although they can work in dynamic en-
vironments, they have not considered enough factors related to the comfort
of the wheelchair users, the caregivers, and surrounding people. Still other
models have assumed that surrounding people move independently without
any interaction with the robot and the caregiver. However this assumption is
not true in many real-world scenarios.
Based on the above comments, I argue that the previous navigation models
need to incorporate more factors related to human walking behaviors, since then
the models can better tackle the actual situations that the side-by-side robotic
wheelchairs have to deal with. For example, to exchange the gestures during a
walk, both members of the pairs need to fully observe each other, i.e. they try to
maximize the vision ability in relation to their partners. Therefore this ability should
have a role in the navigation model. In addition, the new developed model should
be able to tackle other moving situations which have not been solved by previous
studies.
Through our observations in daily life activities and user studies, I noted some
common situations as problems that the new model developed in this thesis will
address.
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1.4 Contributions
In this research, I have addressed some limitations of previous navigation models
for side-by-side robotic wheelchairs. By observing humans’ walking behaviors, I
realized that, aside from traditional walking modes mentioned in previous studies,
pairs also execute another walking mode - Active mode. Traditionally, when two
people walk together, they can implement two walking modes: Side-by-side mode,
where they move alongside each other, and Leader-Follower mode, where one
follows the other. However, sometimes when they need to pass an obstacle, they
may choose another walking mode - Active mode, where they temporarily abandon
the side-by-side mode but do not adopt the leader-follower mode, because they
choose the active mode.
In addition, I can see that some factors, including Vision and Friendly Link fac-
tors, that affect the pairs and surrounding people in urban environments during
walking sessions, were not fully incorporated into the navigation models. During
a walking session, both members of the pairs have a need to observe each other
for various reasons, such as interchanging their gestures, or maintaining or im-
proving their relationship. In order to do that, two members of the pairs need to
observe each other; therefore the "Vision" factor representing the capability to see
each other needs to be added to the model. Moreover, there is an invisible link
between the pair that can be implicitly realized by surrounding people in the en-
vironment. This link is comparatively solid and it is respected by others, I call it
the "Friendly Link" factor, and this factor has to be considered in the navigation
model as well. However these two factors have not yet been incorporated into the
previous navigation models. Once these factors are considered, the side-by-side
robotic wheelchairs should be able to better understand and mimic the walking
plans of humans.
In this thesis, Vision and Friendly Link factors are modeled by two mathemat-
ical formulae. By integrating them into a state-of-the-art navigation model, the
decisions made according to the navigation plan are closer to the real decisions
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made by humans in real-world scenarios and in the user studies in the lab environ-
ment. As a result, the novel navigation model is developed to help the wheelchairs
to better tackle some common problems in walking, mimicking everyday human
walking habits.
I have collected the data from actual scenarios and used it to calibrate the new
model. The errors between the real decisions made by participants, the decisions
made by my model, and the decisions made by previous models were compared.
The results showed that my new models bring a better mechanism for side-by-side
robotic wheelchairs to generate moving plans closer to human walking plans.
1.5 Thesis outline
After this chapter’s introduction, chapters two and three will describe more about
the background and related research studies. The previous studies related to hu-
man walking habits will be presented in chapter two. This includes works that were
studied in static situations where people only stand; however they can be general-
ized to apply in walking situations.
Chapter three will present and criticize recent state-of-the-art navigation models
for side-by-side robotic wheelchairs. I focus on one navigation model of Morales et
al. which I believe is among the best so far. By incorporating the largest number of
factors related to pairs in a friendly walking session, this model can support a side-
by-side robotic wheelchair to move alongside a human in a comfortable manner.
The main contributions of this research are presented in chapters four and
five. These chapters discuss our observations of human walking habits in some
common scenarios, and our user studies which were implemented for deep un-
derstanding of walking habits. The new factors, Vision and Friendly Link factors,
related to walking behaviors are identified, modeled, and incorporated into the nav-
igation model.
Finally, chapter six presents the thesis conclusion. The achievements and lim-
itations of the developed model are discussed. I also propose some ideas and
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comments for future development of this navigation function for this kind of robotic
wheelchair.
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Chapter 2
Human Walking Habits
In general, humans do not walk around randomly without any rules. We normally
move from one point to another point for certain purposes following our usual
habits. As mentioned in the previous chapter, to successfully develop the naviga-
tion function for side-by-side robotic wheelchairs, human walking habits need to be
investigated thoroughly. Based on related research works in this area, this chapter
describes previous research about the hidden rules on human walking habits as a
base for developing the navigation function for side-by-side robotic wheelchairs.
Basically, navigation of mobile robots is a primitive and conspicuous function.
Robotic scientists have been doing detailed research in this area for years, and
numerous studies have been conducted. Among those studies, some methods
can be applied for the navigation function of side-by-side robotic wheelchairs. Yet,
most of them are focused on technical solutions; researchers have mainly devel-
oped models for mobile robots so that they can find a pathway to move to chosen
destinations and avoid collisions. In human environments, people require more
than that. Mobile robots have to have socially acceptable behaviors, otherwise
people do not want to use them [24, 42]. This fact implies that, with mobile robots
in general and side-by-side robotic wheelchairs in particular, the navigation solution
should not simply meet the technical requirements, but also has to meet psycho-
logical needs, i.e. they should bring comfort for wheelchair users, related people
and uninvolved bystanders around.
Realizing this problem, research groups have recently started devoting their
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efforts to developing side-by-side robotic wheelchairs that can navigate in har-
mony with crowded environments [10,12,23,25,43–45]. However, my investigation
shows that there are still many limitations in navigation functions for meeting the
needs of users. Those problems arise from two main issues:
∙ a deep understanding of human behaviors in walking in crowded environ-
ments is still tenuous, and
∙ there is a lack of research efforts that utilize the available knowledge on
human walking patterns for developing the navigation functions for robotic
wheelchairs.
This chapter presents the related research on human walking habits, especially
walking habits of pairs. Besides, since the robotic wheelchairs have to navigate
alongside their caregivers in crowded environments, one important characteristic
that they must possess is the ability to predict future movements of humans in each
situation. Thus I put the techniques for predicting human motion intentions into one
separate section.
2.1 Walking habits of pairs
As can be seen from the thesis’s aim, the navigation functions can only be devel-
oped effectively based on a real understanding of the habits and expectations of
humans as they walk, individually, and particularly in pairs. Yet, we have limited
knowledge in this area because studies in this area are still sparse [13]. Some
major research related to common walking habits of humans, as individuals and
as pairs, are given in [1, 20, 21, 35, 46, 47]. These studies can be categorized into
two main groups: the social spatial formation between people and the habits that
normally influence people in walking.
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2.1.1 Social spatial formation
Under this category, several authors have proposed some concepts represented
under the names “personal space” and “social distance”. The concept of proximity
is coined by Hall [1]. He proposed the presence of some social distances, called
hidden dimensions, between people when they are standing in a group or in a
public location. When people maintain these social distances, they normally feel
more comfortable. Figure 2-1 illustrates his personal spaces concept. When a
person 𝑖 stands in a certain location within a space, he normally tries to maintain
a suitable distance to other people. Assume that a person 𝑗 is standing next to 𝑖;
both 𝑖 and 𝑗 will try to maintain a close distance, less than 46cm (intimate distance),
if they want to embrace, touch or whisper to each other. Sometimes this intimate
distance can be maintained if 𝑖 and 𝑗 are, for example, lovers, or mothers and
their children. If 𝑖 and 𝑗 are simply close friends or members of a family (brothers,
sisters, etc.), they normally prefer to keep a distance from each other in the range
from 46cm to 122cm. However, if 𝑖 and 𝑗 are only acquaintances, they prefer to
keep their standing distance in the range from 1.2m to 3.7m. In a public space, for
example if 𝑖 is a speaker and 𝑗 is an audience, a distance from 3.7m or further will
be more preferred.
The personal spaces and social distances mentioned above depend on a num-
ber of factors such as dominance, attraction, age, similarity and gender, and they
have been addressed by later studies. For example, Willis [48] commented that
young people approached their partners more closely than older individuals. For
the elderly, their personal space tends to become wider [49, 50]. With female
pairs, they are normally observed standing and walking closer together than male
pairs [49,51–53], i.e. intimate distances of women are normally smaller than men.
When members have a closer interpersonal relationship, the groups interact in a
smaller distances [54], i.e. they prefer closer personal and intimate distances than
acquaintances [55]. The personal distances are also affected by dominance or
power [56]. In addition, all the social, personal, or intimate distances are affected
30
Figure 2-1: The proxemics concept coined by Hall [1]
by race, religion, subculture, sexual preference, or status [57]. Even the voice
tones could influence these distances, a negative attitude tends to lead to larger
spatial distances [58].
Space conflict might happen if the hidden above rules are not obeyed as il-
lustrated in Figure 2-2. Assuming that person 𝑖 stands in an environment which
also has the presence of person 𝑗, depending on their relationship, each person
autonomously sets up a comfortable distance to the other. If they are too close
to each other, a personal space conflict 𝐶𝑂 will appear and it will make them feel
uncomfortable. Therefore, people normally try to resist the presence of 𝐶𝑂, i.e.
both 𝑖 and 𝑗 normally try to move away from each other. However, on the other
hand, if 𝑖 and 𝑗 stand too far from each other, further than the maximum distance
that is expected for their relationship, then also they will also feel uncomfortable.
Kendon et al. [46] described personal spaces and social distances in a different
approach to what was discussed above when they studied people positions in con-
versations. They described "an F-formation arises whenever two or more people
sustain a spatial and orientational relationship in which the space between them
is one to which they have equal, direct, and exclusive access". In other words, an
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Figure 2-2: Two people have a conflict in their personal space
F-formation is the proper organization of three social spaces: o-space, p-space
and r-space [2]. The o-space, the most important part of an F-formation, is a con-
vex empty space surrounded by the people involved in a social interaction. All the
members look inward into it, and nobody stands in this region. A narrow stripe that
surrounds the o-space is p-space, this area contains the spaces occupied by the
talking members. The area beyond the p-space is r-space. Figure 2-3 illustrates
this concept.
Figure 2-3: The F-formation between members of a talking group, illustrated by
Cristani et al. [2]
In the case of a pair involved in a conversation, normally we can observe some
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kinds of the F-formation between members of that pair as illustrated in Figure 2-4.
Figure 2-4: Some types of the F-formation in conversations of pairs
Although most of these studies are conducted in static environments, they can
be generalized into moving situations as well [10,12,25].
2.1.2 Walking habits
In the area of walking habits, some important studies have been conducted. Hel-
bing & Molnar [35] described factors that affect people during walking as a com-
bination of attractive and repulsive forces. According to their explanation, these
hidden forces drive people to walk from a starting point to the destination in a safe
manner avoiding collisions with static and dynamic obstacles in the pathway. For
example, when people walk from a location to a destination, they are affected by
an "attractive force" created by the destination: people try to move closer to their
destination after each step. Or take another example, during the walk, people try to
keep themselves far away from obstacles in the pathway in order to avoid collision,
i.e. they are influenced by the "repulsive force" from obstacles.
However, in the case of a group of people walking together, each individual in
the group can be seen as a moving obstacle to other members. If one person
simply considers the others as obstacles, everyone tends to move apart according
to the effect of repulsive force, and therefore a group cannot be formed. Xu et
al. [47] improved Helbing & Molnar’s model with a new factor called “bonding force”.
When a group of people are walking together, every person in the group always
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tries to keep themselves within a short distance from the group, i.e. they don’t
want to move too far from their group. In contrast to the definition of repulsive force,
the bonding force is defined to be exponential in the opposite direction. Figure 2-5
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Figure 2-5: Hidden Forces affect to pairs in walking
illustrates the hidden forces that affect pairs in walking. 𝑖 and 𝑗 are two members of
a pair, they are walking to their destination 𝐷. There is a static obstacle 𝑂 located
near their pathway. Both the members 𝑖 and 𝑗 are influenced by the attractive
forces 𝐴𝐹𝐷 from the destination, the repulsive forces 𝑅𝐹𝑂 from the obstacle and
𝑅𝐹𝑃 from their partner - because their partners themselves are obstacles, and the
bonding forces 𝐴𝐹𝐵. During the walk, they also prefer the side-by-side walking
formation rather than one follows the other.
Around the same period, Costa et al. [20] observed that when people walk
in pairs, they normally move in side-by-side spatial formation rather than in other
spatial formations, unless the environment is strictly crowded or the pathway is too
narrow. In other words, two members in a pair normally try to walk abreast their
partners, rather than with one walking ahead, and the other following (the leader-
follower mode). Moussaid et al. [21] had similar observations about side-by-side
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walking formation of pairs when they studied human walking behaviors.
The human walking habits can also be represented as physical formulas. Ac-
cording to Helbing & Molnar’s study [35], people normally prefer to keep a stable
velocity 𝑀𝑣 at which they feel most comfortable. During a walk, if an event occurs
and it affects to the walking velocity of a person, then when the event is over, he
will quickly return to his preferred walking velocity. According to two related studies
of Helbing et al. and Ralston [27, 34], people generally try to minimize their ac-
celeration 𝑀𝑤 on each step, i.e. they prefer to keep walking at a constant velocity
rather than continuously changing their walking velocity. The observations of Hel-
bing, Montello and then Morales et al. [12, 27, 28] revealed that humans prefer to
walk in a straight line toward their destinations 𝐷 rather than changing directions
often.
I found some other studies, which are highly relevant to navigation of wheelchairs.
Morales et al. [26,59] commented that when using a wheelchair, wheelchair users
tend to move like they themselves walk. The situations illustrated in Figure 2-6 are
two examples. In Figure 2-6 a), there is an obstacle 𝑂 in the middle of a pathway.
i
O
A B
a)
i
A
B
b)
Figure 2-6: Moving habits of wheelchair users
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The wheelchair user 𝑖 tends to choose the wider pathway 𝐴 to move instead of
choosing the narrow one 𝐵 although he needs some more movements to pass the
obstacle, because plan 𝐴 makes him feel more comfortable than plan 𝐵. In Fig-
ure 2-6 b), the moving plan 𝐵 has a shorter path to pass the corner, whereas the
plan 𝐴 takes a longer detour. However, wheelchair users tend to choose the plan
𝐴 to maximize their view, i.e. their comfort, during the movements.
In addition, in [25], Morales et al. commented that both wheelchair users and
surrounding people prefer to maintain their “personal space” and “social distance”
as well. As they move they try to maximize the distance from themselves to sur-
rounding people and obstacles. Other studies, for example [10, 12, 23, 43–45, 60],
also observed that when humans interact with mobile robots in general and robotic
wheelchairs in particular, they expect the robots to react in ways that humans do.
In other words, people expect mobile robots to obey the same rules that are ac-
ceptable to humans, including social distance, walking habits, etc.
To summarize, a common finding of human walking habits and social spatial
formation is that, when people stand, walk, or chat, they normally obey some hid-
den rules regarding social and personal factors including the distances between
people in their group and bystanders, the distances between one person and ob-
stacles in the environment, and factors related to their habits. When these rules are
obeyed, people normally feel more comfortable, i.e. their comfort needs are better
satisfied. Moreover, those rules are also expected to be implemented on mobile
robots in general and on robotic wheelchairs in particular, i.e. both the wheelchair
users and surrounding people feel more comfortable if the robotic wheelchairs are
able to move in ways humans naturally do.
2.2 Human motion prediction techniques
Because our purpose is to develop a robotic wheelchair which can move abreast
a caregiver, predicting next positions of the caregiver is an unavoidable task. If the
wheelchair cannot predict the next position of its caregiver, it has no way to main-
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tain the side-by-side formation with the caregiver. In addition, we know that when
people move in dynamic environments, predicting future movements of moving ob-
stacles and pedestrians is an inevitable task if they want to walk comfortably and in
harmony with other people, including avoiding collisions with obstacles and pedes-
trians. Moreover, in the case of side-by-side robotic wheelchairs, the robots have
to bring comfort to wheelchair users sitting in them as well; therefore they have
to choose a “smooth pathway” to move to bring comfort to the users. Without an
effective prediction method, side-by-side robotic wheelchairs may not have suffi-
cient time and space to perform the necessary maneuvers to avoid obstacles, may
not be able to compute efficiently navigation plan towards their destination [61–63],
and may not be able to find a comfortable pathway for the wheelchair users. Thus,
the prediction capability is one crucial feature that side-by-side robotic wheelchairs
should have.
Through the development process, researchers have addressed many techni-
cal problems, and different motion prediction techniques have been proposed. By
employing motion prediction techniques, mobile robots are able to predict future
actions of moving obstacles in different situations; hence they can have more op-
portunities to propose appropriate future actions to adapt in their complex dynamic
environments. For deep understanding the existing prediction techniques which
can be applied for side-by-side robotic wheelchairs, a technical review of motion
prediction techniques for indoor robot navigation has been made by the author [3].
I had proposed a three-phase prediction method classification, including Physical-
based, Statistical-based and Cooperative-based motion prediction methods as fol-
lows:
∙ Physical-based prediction methods are primitive models. They mainly apply
the laws of physics to describe motions of moving objects. According to my
investigation, until the 1990’s, most techniques were developed under an as-
sumption that the trajectory of an object can be mathematically represented.
∙ Statistical-based prediction methods are applied in cases where it is hard to
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find or we cannot find a formula to describe the movements of an object.
In real-world scenarios, objects’ movements sometimes are very sophisti-
cated. An object’s movements may be affected by its goals, expectations,
habits, and other environmental factors including static and other dynamic
objects, and so on. Luckily, according to many assertions [17, 61, 64, 65],
movements of moving objects are not quite stochastic but follow a finite num-
ber of patterns. Hence, researchers have developed methods to learn from
past motions of moving objects and employ that knowledge to predict their
future motions.
∙ Cooperative-based prediction methods are the most advanced models and
have been a research focus in the last decade. Nowadays we know that
future motions of living things also rely on self-awareness that individuals
have learned from the past. Therefore, their moving plans depend not only
on the physical rules, and the possibilities that can be derived from statistical
data, but also on how they predict the future motions of other objects and
individuals in the environments. Cooperative-based prediction methods are
developed on an assumption that not only the robot but also everyone in the
scenes is responsible to predict and consider the next actions of the others.
Therefore the robots themselves must have a mechanism to understand that.
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Figure 2-7: Three phases of motion prediction techniques for indoor robot
navigation [3]
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Figure 2-7 shows a comparison of the three prediction methods mentioned
above. 𝐷1 and 𝐷2 are entrance/exits (doors). 𝑟 is a mobile robot that has to
navigate from its current position to the door 𝐷1. The dash green line is a pro-
posed trajectory of robot 𝑟 moving in the opposite direction to a pedestrian 𝑚. In
the observation of robot 𝑟, the solid gray dot 𝑚𝑝 is the past position, solid red dot
𝑚𝑐 is the current position, and the solid red line is the partially observed trajectory
of this person. The dash red line is the predicted trajectory made by robot 𝑟. By
employing a Physical-based prediction method, robot 𝑟 might predict that future
motions of the person will be straight ahead, similar to his past motions. By em-
ploying a Statistical-based prediction method, it might predict that the person will
move toward the door 𝐷2, based on statistical data. By applying a Cooperative-
based prediction method, it might predict that the person will move toward the door
𝐷2 but he will adjust his trajectory to avoid a collision with robot 𝑟 by reasoning
about future cooperative motions of robot 𝑟.
As can be seen from the above example, Physical-based and Statistical-based
prediction techniques have not addressed the feeling and reactions of the robots’
partners and surrounding people. In other words, most methods are based on
a hypothesis that the mobile robots are "invisible" to their surroundings; meaning
that moving plans of all the people in the scenes are unchanged, regardless of the
presence of the robot or not. This is in fact not true. Obviously, with the presence
of robots, the moving plans of people are changed. By reasoning about future
motions of humans in the scenes with the presence of a mobile robot, Cooperative-
based prediction methods can anticipate future motions of people much better in
some common situations.
Figure 2-8 illustrates a sample of Cooperative-based prediction methods pre-
sented in the study of Trautman and Krause [39]. In Figure 2-8 a), agent 𝑖 needs
to move to the destination 𝐷. In the scene, a crowd (agents 𝑗1 to 𝑗8) is moving
in the opposite direction to 𝑖. If we employ a Physical-based or Statistical-based
prediction technique, agent 𝑖 must stop and cannot move because it can find no
way to the destination without a collision with the crowd. However, based on a
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Figure 2-8: Cooperative-based prediction methods can help the person 𝑖 move
through a crowd of many people 𝑗1...𝑗𝑛 moving in an opposite direction
Cooperative-based prediction method, agent 𝑖 knows that the crowd will cooperate
with him to avoid a collision and will not block the pathway of each other, there-
fore agent 𝑖 can process the moving plan as illustrated in Figure 2-8 b) to continue
moving without any problem.
Cooperative-based prediction studies can also be found in other research works.
Berg et al. [66, 67], and then Guy et al. [68], improved the Velocity obstacle (VO)
concept with Reciprocal Velocity Obstacles (RVO) and then Optimal Reciprocal
Collision Avoidance (ORCA). They stated that all the moving objects in the scene
should be responsible for avoiding collision; therefore robots have a wider range of
velocities to choose, hence they have more opportunities to maintain their speed
at a preferred value. Weinrich et al. [41] developed a model to predict that the
pedestrian walking in the opposite direction to the mobile robot wants to pass the
robot to the left or to the right. Muller et al. [69] suggested a solution for mobile
robots to move in harmony in crowded environments by grouping itself into a flow
of pedestrians who are moving in one particular direction, instead of trying to find
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a shortest way to the destination.
On the other hand, Cooperative-based prediction techniques themselves have
some intrinsic problems. For example, Kuderer et al. [70] suggested that, while
a mobile robot tries to predict the next actions of pedestrians in its vicinity, the
pedestrians are also try to predict the next actions of the robot. Consequently, this
may lead to an infinite loop of predicting because both the robot and the pedes-
trians do not know the next actions of the others; therefore they may be "stuck"
at some point. However, in general, Cooperative-based prediction techniques can
bring a high level of performance predicting results as they take into account the
interactions and reactions of human-human and human-robot.
Nevertheless, based on my investigation, heretofore there are only a sporadic
number of Cooperative-based prediction studies. Moreover, most of them are de-
veloped for a mobile robot to move alone, not with a partner moving alongside.
Therefore, to successfully develop the new navigation function for side-by-side
robotic wheelchairs, a suitable human motion prediction method needs to be devel-
oped. In this thesis, my hypothesis is that not only side-by-side robotic wheelchairs
have to be responsible for predicting the next positions that bring comfort to peo-
ple in the scene, but also caregivers and surrounding people are responsible for
predicting the next positions that bring comfort to the wheelchair users.
2.3 Summary
In this chapter, key studies related to human walking habits, especially walking
habits of pairs have been discussed. Humans, in general, have their own walking,
chatting, or standing habits in each particular situation. When they can reach a sta-
tus in which their hidden rules of habits are obeyed, they normally feel more com-
fortable, or we can say that their comfort is optimized. I have also briefly listed the
major techniques used to predict human motions found by previous research with
their strengths and weaknesses. Most of the developed techniques were devel-
oped for a robot to move alone, not with a human moving alongside. However we
41
also found some studies that can be employed for side-by-side robotic wheelchairs.
The following chapter presents in more detail the way that human walking
habits have been modeled into the navigation function for side-by-side robotic
wheelchairs.
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Chapter 3
Studies On Robotic Wheelchair
Navigation
In the previous chapter, studies of human walking behaviors and the techniques
used to predict the future movements of people in human environments were dis-
cussed. This chapter discusses more detail on how these methods were incorpo-
rated into navigation models for side-by-side robotic wheelchairs. Strictly speaking,
some of the previous presented studies were not originally developed for side-by-
side robotic wheelchairs; however techniques they have employed can be used
for this kind of robot. Therefore, references to "a navigation model for side-by-
side robotic wheelchairs" include "models that can be employed by the navigation
function of side-by-side robotic wheelchairs".
3.1 Studies on robotic wheelchair navigation
Recently, some robotic wheelchairs have been developed to support elderly or
disabled people as well as to lessen the burden on the caregivers. Based on my
investigation, the navigation models for side-by-side robotic wheelchairs can be
categorized into three main groups:
∙ Traditional solutions. Basically, studies following this approach try to detect
physical information about caregivers and surrounding environments, includ-
ing position, velocity, acceleration, etc., and then use that information to pre-
dict the next position that the caregivers and surrounding people intend to
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move to. After the prediction step is processed, the navigation models use
some physical formulas to calculate the next position that the side-by-side
robotic wheelchairs should move to. Normally, this technique does not con-
sider the reactions of the caregivers and the surrounding people in the pres-
ence of the wheelchairs.
∙ Statistical solutions. These solutions mainly rely on the statistical methods
to predict the next position of the caregivers and surrounding people, since
then the wheelchairs can move to a suitable position to keep the side-by-side
formation. The advantage of this method is that we do not need complex
formulas to describe the movements of people in the situation. Yet, these
solutions have some major limitations. For example, the statistical data needs
a long time to be collected, and the data is only useful in known environments.
Whenever the environments change, for example, if some poles are added
into a pathway, then the collected statistical data may become invalid, making
it unusable unless the collection process is repeated to collect the new data
for the models.
∙ Co-operative solutions. This method is based on a hypothesis that not only
the robotic wheelchairs are responsible for maintaining the side-by-side walk-
ing sessions, but the caregivers and surrounding people also cooperate with
the robots to optimize the moving plan of all the people in the environments.
Based on implementing and incorporating human walking habits into the nav-
igation model, the side-by-side robotic wheelchairs can better understand the
future actions and reactions of the caregivers and surrounding people, there-
fore the navigation plan can be more akin to moving plans of humans.
Highlights from major studies which can be applied for developing side-by-side
robotic wheelchairs are listed below.
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3.1.1 Traditional solutions
One of the preliminary efforts that should be mentioned is the study of Gockley et
al. [4]. They designed a mobile robot to follow a human in a natural manner by
developing a method to detect and mimic the direction and pathway of the per-
son. When we apply the model into the robotic wheelchair, it helps the wheelchair
to follow a caregiver, therefore lessening the caregiver’s burden of controlling the
wheelchair.
In an attempt to implement the side-by-side walking mode, Iwase et al. [5] devel-
oped a basic robotic wheelchair that can move alongside a caregiver by detecting
the position, velocity, etc. of the caregiver. In addition, a pre-defined non-reactive
area was used to notify the robot to stop when the caregiver stops.
Figure 3-1: Developed navigation models for robotic wheelchair [4, 5]
Figure 3-1 a) shows the mobile robot developed by Gockley et al.. It can follow
a person. Figure 3-1 b) represents the pre-defined reactive and non-reactive areas
on Iwase et al.’s robotic wheelchair.
Prassler et al.’s prediction model for side-by-side robotic wheelchairs [6, 7],
based on Velocity Obstacle approach [71] is another example. This model pre-
dicts the partner’s velocity in the next step based on past discreet trajectories.
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Therefore their robotic wheelchair is able to move more smoothly alongside the
caregiver, and reduce the sudden changing of its velocity, enabling it to bring more
comfort to the wheelchair users and their partners. This situation is illustrated in
Figure 3-2 a). In the case that the pair has to pass a door which is not wide enough
for keeping the side-by-side walking formation, based on their prediction model, the
robot 𝑗 will make a decision that it should increase the velocity to pass its partner
and go through the door first, or it needs to reduce the velocity and fall behind its
partner, and go through the door after. This situation is illustrated in Figure 3-2 b).
Figure 3-2: The solution of Prassler et al. [6, 7]. 𝑗 is the robot, and 𝑖 is its partner
Figure 3-3 a) shows a more sophisticated solution coming from Kobayashi et
al.’s project [8,18,72–74]. Their robotic wheelchair can not only move alongside a
caregiver but can also detect the caregiver’s posture in order to change its mov-
ing direction. As illustrated in Figure 3-3 b), they used a laser range finder sensor
𝐿𝑅 to detect the contour 𝑆ℎ of the shoulder of the caregiver, since then the care-
giver’s posture can be detected. Then that posture was used as a helm to control
the wheelchair turn left, turn right, or go straight ahead. As a result, their robot
is able to change its moving direction when the caregiver changes his walking di-
rection. Moreover, their robotic wheelchair used the leader-follower mode to avoid
collisions with a static obstacle or a pedestrian moving in the opposite direction,
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or multiple-mode in which multiple wheelchairs can move with only one caregiver.
This solution is useful in some cases, but also confronts some weaknesses. For
example, sometimes when the caregiver wants to stop to talk with the wheelchair
user, the caregiver may want to turn his face, and therefore also his shoulder as
a natural human posture in the direction of the wheelchair user. However, in that
case, the wheelchair can only understand that the caregiver wants to change his
moving direction and therefore the wheelchair will turn away, leading to two people
being unable to have a face to face talk with each other.
Figure 3-3: The solution of Kobayashi et al.’ project [8].
3.1.2 Statistical solutions
Based on my investigation, not many studies have utilised statistical solutions. Wu
et al. [9] proposed a prediction method based on Neural Network for a robotic
wheelchair. Their model can learn from the statistical data to predict the next posi-
tions that the caregiver intends to move to. As a result, the model helps their robot
move alongside a caregiver in a more natural manner. However, their solution is
limited to a static environment which has no obstacles.
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Figure 3-4: Wu et al.’s navigation model for side-by-side robotic wheelchairs [9]
Figure 3-4 a) shows the side-by-side robotic wheelchair developed by Wu et
al., it can move alongside a caregiver. In Figure 3-4 b), black dots indicate care-
giver’s positions detected by a laser range finder sensor located on their robotic
wheelchair, and the red line is the predicted caregiver’s trajectory generated by the
model.
3.1.3 Co-operative solutions
Ferrer et al. [10, 23] employed the Social-Force model as the base to develop a
navigation function for their mobile robot to accompany a companion. Aside from
the forces introduced in the Social-Force model, they introduced the attractive force
from the robot to its fellow traveler. As a result, their robot is able to move from a
point to a destination in crowded environments maintaining a suitable distance to
its partner. Figure 3-5 illustrates the forces affected Ferrer et al.’s companion robot.
The forces include the repulsive force from the obstacles 𝐹 𝑜𝑏𝑠𝑟 ; the repulsive force
from the pedestrians 𝐹 𝑝𝑒𝑟𝑟 , in which the pedestrians themselves are obstacles; the
attractive force from the robot to the caregiver 𝑓 𝑔𝑜𝑎𝑙𝑟,𝑖 ; the attractive force from the
robot to the destination 𝑓 𝑔𝑜𝑎𝑙𝑟,𝑑𝑒𝑠𝑡. 𝐹
𝑟 is the combination of all the forces affected the
robot as follows:
𝐹 𝑟 = 𝛼𝑓 𝑔𝑜𝑎𝑙𝑟,𝑑𝑒𝑠𝑡 + 𝛽𝑓
𝑔𝑜𝑎𝑙
𝑟,𝑖 + 𝛾𝐹
𝑝𝑒𝑟
𝑟 + 𝛿𝐹
𝑜𝑏𝑠
𝑟 (3.1)
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Figure 3-5: Ferrer et al.’s navigation models for robotic wheelchair [10]
Here, 𝛼, 𝛽, 𝛾, 𝛿 are coefficients of the formula. One notable feature of this model is
that the intensity of the forces are affected by the field of view of pedestrians. For
example, if one person detects an obstacle in his walking direction, he has a strong
desire to keep far away from the obstacle. However, if the obstacle is behind, he
does not need to consider it to the same degree.
Later, Repiso et al. [11] extended the work of Ferrer et al. [10, 23] to address
a passing situation. As illustrated in Figure 3-6, a pair 𝑖, 𝑗 needs to move from the
starting point 𝑆 to the destination 𝐷. Between 𝑆 and 𝐷 are some obstacles. They
have 3 plans a), b), and c) to choose. Repiso et al.’s model suggested that the plan
b) should be the best moving plan, although when the pair passes the obstacles,
they may not be able to maintain the side-by-side walking formation.
From another perspective, Morales et al. [12,13,75] did not observe the interac-
tions between the robot, its companion, surrounding obstacles, its destination, etc.
as the forces. They considered all these interactions as factors related to human
walking habits, including velocity, acceleration, side-by-side walking formation, etc.
At each particular time 𝑡, each factor has a value called optimum value. When two
members of a pair walk together, they always try to reach the optimum value for
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Figure 3-6: Repiso et al.’s navigation models for robotic wheelchair [11]
each factor. Based on their developed model, the robot can act more naturally as
humans do. For example, if an obstacle appears on the pathway of its companion,
the robot can react accordingly by changing its moving direction so that the partner
can easily pass the obstacle in a comfortable manner.
Morales et al.’s model is illustrated in Figure 3-7 a). At time 𝑡, they deploy two
grids [76] on the navigation plane, one called Anticipated partner (for the caregiver)
and another called Anticipated robot (for the robot). By using a utility function 𝑈 ,
their model will anticipate the best next cells in those grids that both the caregiver
and the mobile robot should move to at the time 𝑡 + 1 by finding a couple of cells
which can maximize the value of 𝑈 . While two agents 𝑖 and 𝑗 are walking together
(Figure 3-7 b)), if an obstacle appears in the front of the agent 𝑗, their model can
suggest to agent 𝑖 a next position which allows agent 𝑗 to pass the obstacle with
a smooth passing trajectory, and the side-by-side walking formation can be main-
tained during passing.
One thing that can be seen from the Co-operative solutions is that researchers
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Figure 3-7: Morales et al.’s navigation models for robotic wheelchair [12]
are not only focusing on tackling the technical problems, such as detecting the
position of the robots’ companion, but also considering the interactions between
the robotic wheelchairs (wheelchair users), the caregiver, and surrounding people.
From the social knowledge that humans have learned in the past, they normally
respect the movements of the others, and expect to be respected by the others as
well. The robot needs to understand that it is not the only agent that is responsible
for its movements, but the other people also cooperate with it to make the walking
plan become more comfortable, i.e. to optimize the social comfort of all the agents
in the environments.
3.2 Morales et al.’s navigation model
Among the navigation models for side-by-side robotic wheelchairs, I consider that
the Morales et al.’s navigation model is one of the state-of-the-art models for the
following reasons:
∙ The Traditional solutions and Statistical solutions have some major limita-
tions. The Traditional solutions mainly work on an assumption that the robot
is the only agent that is responsible for its movements. This is not a really
good assumption, because in real-world scenarios, normally all the people
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in the environments are also responsible for the movements of everyone in
the scene. The Statistical solutions cannot be applied if the data about the
environment is not collected in advance. However, in real-world scenarios, I
believe that it should be better if the robotic wheelchairs are able to move in
an unknown environment.
∙ This model was developed in the Co-operative direction in which everyone
is responsible for ensuring the comfort of all the people in the scene. This
means the robot not only has to make its moving plan based on passive
information collected through sensors, but also based on its reasoning about
how people react to its current and future actions, i.e. a model based on
Cooperative-based motion prediction method.
∙ To date, I believe that Morales et al.’s model has incorporated the largest
number of factors related to pairs in walking. Other models which were in-
vestigated only considered a smaller number of factors; they can only adapt
fewer factors related to humans’ comfort than this model. For example, all
other models did not consider the acceleration of the wheelchairs. To focus
on maintaining the side-by-side formation, the other models may suddenly in-
crease or decrease the wheelchairs’ velocity, i.e. they ignored the factor 𝑀𝑤.
Therefore, the Morales et al.’s model is closer to the real-world scenarios than
other models.
Based on human walking habits discussed in Section 2.1, Morales et al. sum-
marized eight factors that affect to pairs in walking as illustrated in Figure 3-8.
When pairs participate in a walking session, normally they desire to maintain their
walking status at the optimum state. To achieve that physically, the factors related
to their walking status have to be maintained at the optimum values or optimum
ranges. These factors can be categorized into two main groups: personal factors
and relative factors, as follows:
The personal factors:
∙ Everyone normally wants to walk at a stable velocity 𝑀𝑣 [35] at which they
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feel most comfortable. From this we infer that after two members of pairs
synchronize their velocities so that they can walk together, pairs also have
their own desire velocity 𝑀𝑣 and they normally want to maintain it during the
walk, rather than trying to choose an uncomfortable value.
∙ People normally do not want to constantly change their velocity during the
walk, i.e. they try to minimize their acceleration 𝑀𝑤 [27,34]. We can infer that
both members of pairs naturally try to minimize their acceleration 𝑀𝑤.
∙ To save energy, people normally walk in a direct line toward destinations
𝐷 [28], i.e. both members of pairs prefer to move in a straight line toward
their destination rather than choose a detour. They also do not want to keep
turning after each step, i.e. the angular velocity 𝑀𝑎 [27] is normally mini-
mized.
∙ Walking people naturally want to keep far distances from obstacles 𝑂 [27].
The relative factors:
∙ Both members of pairs want to keep the relative distance 𝑅𝑑 [1] in a comfort-
able range, rather than walk too close or too far to their partner.
∙ Pairs want to maintain the side-by-side formation, i.e. keep the relative angle
𝑅𝑎 [30] at 90𝑜 and minimize the relative velocity 𝑅𝑣 [31].
Figure 3-8 illustrates eight factors incorporated in the Morales et al.’s navigation
model. At time 𝑡, two members 𝑖, 𝑗 of a pair are located at the position 𝑃𝑡 = (𝑝𝑖𝑡, 𝑝
𝑗
𝑡).
𝐷 is the destination of the walking session. The pair is moving at the velocity 𝑀𝑣
and acceleration 𝑀𝑤. Both members are thinking about finding their next position
𝑃𝑡+1 = (𝑝
𝑖
𝑡+1, 𝑝
𝑗
𝑡+1) which they believe that will bring maximum comfort to them. For
that reason, they will try to find the next location 𝑃 *𝑡+1 where:
∙ Both angles 𝑆𝑖 = 0 and 𝑆𝑗 = 0: walk directly to the destination 𝐷.
∙ The distances 𝑂𝑖 and 𝑂𝑗 should reach the maximum value.
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Figure 3-8: Eight traditional factors affect pairs in walking [13]
∙ The relative distance 𝑅𝑑 should be at the most comfortable value.
∙ Both angles 𝑅𝑖𝑎 = 𝑅𝑗𝑎 = 90𝑂: the side-by-side walking formation is main-
tained.
∙ The relative velocity between them is zero 𝑅𝑣 = 0.
∙ The pair’s velocity 𝑀𝑣 achieves the preferred value.
∙ The angular velocity is zero 𝑀𝑎 = 0.
∙ The acceleration is zero 𝑀𝑤 = 0.
Each of these eight factors above has an optimal value. For example, if a
pair prefers the walking velocity 1m/sec, then they want to walk at 1m/sec but
do not want to walk at 0.6m/sec (too slow) or 1.3m/sec (too fast). Or, to take
another example, in normal conditions, pairs usually prefer to walk in a side-by-
side formation but do not want to walk in a leader-follower formation. When the
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pair is in a state which has the optimal value of a factor 𝑥, then we can say that
they achieve the maximum comfort with that factor. For example, if the pair in the
example above walks at the velocity 1m/sec, then we can say that they feel most
comfortable with the walking velocity.
Based on these factors, a navigation model had been developed. During a
walking session, at a particular time 𝑡, both members of a pair try to determine
their next positions for the time 𝑡 + 1, in which those positions should bring the
optimum comfort to them.
The utility function for member 𝑖 in the pair (𝑖, 𝑗) was proposed as follows:
𝑈 𝑖(𝑝𝑖|𝑝𝑗) = 𝑘𝑖𝑂𝑓 𝑖𝑂 + 𝑘𝑖𝑆𝑓 𝑖𝑆 + 𝑘𝑖𝑅𝑑𝑓 𝑖𝑗𝑅𝑑 + 𝑘𝑖𝑅𝛼𝑓 𝑖𝑗𝑅𝛼
+ 𝑘𝑖𝑅𝑉 𝑓
𝑖𝑗
𝑅𝑉
+ 𝑘𝑖𝑀𝑎𝑓
𝑖
𝑀𝑎 + 𝑘
𝑖
𝑀𝑉
𝑓 𝑖𝑀𝑉 + 𝑘
𝑖
𝑀𝑤𝑓
𝑖
𝑀𝑤 (3.2)
here, 𝑓𝑂, 𝑓𝑆, 𝑓𝑅𝑑 , 𝑓𝑅𝛼 , 𝑓𝑅𝑉 , 𝑓𝑅𝛽 , 𝑓𝑀𝑎 , 𝑓𝑀𝑉 , 𝑓𝑀𝑤 are individual utility functions
of the eight factors 𝑂, 𝑆, 𝑅𝑑, 𝑅𝛼, 𝑅𝑉 , 𝑀𝑎, 𝑀𝑉 , and 𝑀𝑤 of the person 𝑖 respectively.
𝑘 values are the weight constants.
The function 𝑓𝑂 was modeled by a step function as follows:
𝑓𝑂(𝑥) = −|(𝑥
𝑎
)−2𝑏| (3.3)
and the other 𝑓 functions were modeled by a bell function as follows:
𝑓(𝑥) =
1
1 + |(𝑥−𝑐
𝑎
)2𝑏| − 1 (3.4)
In Eq. 3.3 and 3.4, 𝑎, 𝑏, 𝑐 are co-efficients, they are constants. Each individual
utility 𝑓 has a unique set of 𝑎, 𝑏, 𝑐. 𝑥 is a variable, it is one of the eight factors 𝑂, 𝑆,
𝑅𝑑, 𝑅𝛼, 𝑅𝑉 , 𝑀𝑎, 𝑀𝑉 , and 𝑀𝑤.
The values of the coefficients 𝑎, 𝑏, 𝑐 and the weight constants 𝑘 are presented
in Table 3.1.
The utility function 𝑈 𝑖 will receive the maximum value at time 𝑡+1 if the member
𝑖 achieves the optimum comfort at time 𝑡+ 1. Because we have a pair, similarly, we
55
Table 3.1: Determined co-efficients of Morales et al.’s model
Parameters
𝑓𝑅𝑑 𝑓𝑅𝑎 𝑓𝑅𝑣 𝑓𝑂 𝑓𝑆 𝑓𝑀𝑣 𝑓𝑀𝑤 𝑓𝑀𝑎
a 0.25 0.08 0.2 20.0 0.45 0.3 0.7 0.2
b 2.0 3.0 1.2 0.4 1.0 1.6 4.4 1.0
c 0.75 Π/2 0.0 - 0.0 1.1 0.0 0.0
k 0.25 0.32 0.01 0.11 0.2 0.05 0.01 0.01
have a utility function 𝑈 𝑗 for member 𝑗. Both two members 𝑖, 𝑗 will try to maximize
their own utilities, i.e. they try to maximize 𝑈 𝑖 and 𝑈 𝑗, before making a new step.
However, each member of the pair not only tries to maximize their comfort for each
step, but also tries to respect the movements of their partner. Therefore, we need
an overall utility function 𝑈 as follows:
𝑈 = 𝑈 𝑖(𝑝𝑖|𝑝𝑗) + 𝑈 𝑗(𝑝𝑗|𝑝𝑖) (3.5)
At time 𝑡, both two members will try to find the next positions for time 𝑡 + 1
which allow the function 𝑈 to be maximized. In an ideal situation, all the individual
factors 𝑥 reach its optimum value, as a result, its corresponding utility 𝑓 gets the
maximum value, it leads to the overall utility 𝑈 receiving the maximum value (zero).
In other situations where all the individual factors 𝑥 cannot simultaneously reach
their optimum values, the model assumes that people will try to select a position
in which it can bring the optimum comfort to them, i.e. they try to optimize all the
factors together so that the overall utility 𝑈 can get the maximum value in a given
situation.
By applying this model, the side-by-side robots are able to optimize the rela-
tionship with the caregiver when they walk together. In the case where the pair
passes a static obstacle located at a side of the pathway, in comparison with pre-
vious navigation models, the Morales et al.’s model proposed a better solution for
passing the obstacle.
However, the major limitation of the Morales et al.’s model is that it was only
developed for a static environment and for one passing scenario. In the real-world
scenarios, there are more different situations that a side-by-side robotic wheelchair
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has to deal with; therefore the model needs to be developed further to tackle these
problems. In addition, the Morales et al.’s was only developed to optimize the com-
fort of pairs in walking. In real-world scenarios, when a pair encounters a crowded
environment, normally everyone in the scene needs to respect the comfort of oth-
ers: otherwise their attitude will be not socially acceptable. Therefore, each person
in the scene normally tries to balance the comfort of himself and other people, i.e.
he tries to optimize the "social comfort".
3.3 Summary
In this chapter, I have listed and briefly criticized the current studies developed
for side-by-side robotic wheelchairs. The Morales et al.’s solution was determined
as a state-of-the-art navigation model for side-by-side robotic wheelchairs based
on the strong points and advantages that it brings. In the next chapters, I em-
ploy this model as a base to develop my new navigation models which address
other common walking situations that a pair normally encounters. I also develop
a new method to optimize the social comfort in navigation of side-by-side robotic
wheelchairs.
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Chapter 4
A Decision Making Model for
Optimizing Social Relationship in
Passing a Static Obstacle
Among different walking scenarios in the real world, passing static obstacles (Fig-
ure 4-1) is a common situation that humans usually have to deal with. However, as
a human, passing an obstacle is not just about avoiding collisions with that obsta-
cle but also finding an optimal trajectory for passing. In a scenario of pairs walking
in side-by-side mode, aside from maintaining optimum factors during the passing
process, e.g. velocity, acceleration, distance to obstacle, etc., pairs normally try to
maintain their optimum relationship during the passing process. Because a side-
by-side robotic wheelchair has not only to move along with a caregiver but also has
to carry a wheelchair user sitting in it, the trajectories that it takes should be natural,
moving as humans do, since then it can bring the comfort to the wheelchair user
and the caregiver, including maintaining their optimum relationship. This chapter
aims to propose a novel decision model for a side-by-side robotic wheelchair to
pass an obstacle by employing the understanding of human behaviors in walking.
From the observation data, the Active mode is identified, and Vision factor has
been determined and modeled. The new model has been developed by incorpo-
rating this factor, and then its generated decisions have been validated with human
decisions collected in the study.
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Figure 4-1: Common obstacles in real-world scenarios
4.1 Introduction
Although passing static obstacles is a classic problem in robot navigation, the num-
ber of studies conducted for side-by-side walking modes is still limited. When en-
countering situations where it is necessary to pass static obstacles, the current
solutions are still facing many shortcomings, lacking a plan to allow a side-by-side
wheelchair to pass obstacles in a natural way as humans do. For example, assume
that a caregiver escorts an elderly person as they stroll around a mall. Because
the caregiver is mainly responsible for the walk, we call him the leader. And be-
cause the elderly follows the caregiver from place to place, we call him the follower.
During the walk, they encounter an obstacle in the middle of the pathway as illus-
trated in Figure 4-2, and they need to pass the obstacle. The leader, who in this
situation is on the left of the pair, decides to pass the obstacle to the left. We can
see that the follower may have two solutions (a,b) (Figure 4-3) for choosing to pass
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the obstacle. In the case (a), called Standard mode, the follower decides to keep a
rigid connection with the caregiver and he tries to not allow the obstacle to interfere
with their relationship, therefore he moves to the same side of the obstacle as the
leader, i.e. he moves to the left of the obstacle. On the other hand, in case (b),
the follower considers that it would be better if he moves to the other side of the
obstacle with the leader, i.e. he decides to move to the right side of the obstacle.
Figure 4-2: An obstacle passing situation of a pair in a mall
Based on our observation of people walking in pairs, in some cases, pairs usu-
ally choose mode (a) (Standard mode) for passing, yet in some other cases, they
select mode (b). From this observation, we believe that people do not choose a
random passing mode among two modes (a) and (b) but focus on one for some
reasons. The reasons here should be related to their optimal comfort in walking.
As mentioned in the previous chapters, for the purpose of developing the naviga-
tion function for side-by-side robotic wheelchairs, the navigation function should be
able to generate a decision which is similar to humans in walking, i.e. the naviga-
tion function should be able to choose the correct passing mode (a) or (b) for each
particular situation.
So far, researchers have proposed and developed several possible solutions
for dealing with passing static obstacles problem in side-by-side walking mode.
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However they still have some limitations.
Based on the Kinpara et al.’s solution [8], the robot always selects mode (a) and
changes its relative position with the caregiver from alongside to behind for passing
(Figure 4-3(a)). Although this solution is useful in some cases, it is oversimplified
in other cases when we can see that pairs normally choose mode (b) for passing.
As can be seen, the Kinpara et al.’s solution has no mechanism to decide between
two modes (a) and (b).
Another solution came from Morales et al. [12]. By incorporating eight factors
related to humans’ comfort in side-by-side walking mode, including velocities, ac-
celerations, distance to obstacles, etc., their model can maintain a better relation-
ship with the caregiver, i.e. the model can optimize the comfort of both members
of the pair in passing static obstacles. Yet this solution is developed for the situa-
tion in which there is an obstacle placed next to a wall. Essentially this changes
the width and direction of the pathway, therefore the solution becomes uncertain in
this situation. As a result, their robot was not developed to decide that which of the
two modes (a,b) will bring better comfort for both the caregiver and the wheelchair
user.
If we consider that being stationary is a particular state of moving obstacles,
then a solution of Ferrer et al. [10] can be considered. Based on social-force and
proxemics concepts, they developed a mobile robot to accompany a person in a
crowded environment. The robot tries to maintain a comfortable distance between
the robot, its companion, and surrounding people. Yet if we put their model into
this situation, the model does not have any mechanism for choosing mode (a) or
mode (b).
In the work presented here, based on Morales et al.’s model, I developed a new
model to help the side-by-side robotic wheelchairs to overcome these limitations,
i.e the robot is able to decide the mode that it should take for passing the obstacle
in the middle of a pathway by imitating the human decision making process, es-
pecially focusing on walking sessions of a caregiver and a disabled person/patient
sitting on a wheelchair. The mission is accomplished by adding Vision factor, a
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Figure 4-3: Obstacle (𝑂) passing by a caregiver (Leader = 𝐿) and a robotic
wheelchair (Follower = 𝐹 ).
new factor discovered in the study that affects the process in this situation. This
study has been presented in [33].
The study presented in Sections 4.2 and 4.3 includes three stages: (1) data
collection that includes a user study, (2) developing a model based on collected
data, and (3) model validation through simulations. Section 4.4 will summarize the
main results and limitation of the work.
4.2 Data collection
The data collection study aims to understand human decisions in side-by-side
walking mode. It consisted of two stages: (1) passive observations and (2) user
study. In the “passive observations” section, we observed human decisions in
some common real-world scenarios. In the “user study” section, participants en-
gaged in some predefined scenarios in a lab environment.
Collected data were used to answer two questions: (1) When two people are
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walking together engaged in a conversation, what trajectory decisions do they take
when an obstacle is encountered?, (2) Apart from the already known factors, what
are the other factors that affect their decisions?
4.2.1 Passive observations
We started the study with the Passive observation step by observing the walking
behavior of pairs in some common passing scenarios in a garden and in a mall.
Several scenarios for passive observations of passing behaviors were selected as
follows:
∙ passing a bed of roses in a public garden where the obstacle height is low
but the width is large.
∙ a small ceramic flower pot in a public garden where both the height and the
width are quite small.
∙ several low-height columns made as a sparse fence (to block vehicles) in
front of a supermarket entrance.
∙ a merchandise shelf in a supermarket where the obstacle height is large
when compared to human dimensions (one cannot see the other side).
∙ a large sofa suite for customers to sit in the main hallway of a mall where the
obstacle height is low but the width is large.
∙ an advertising box higher than an ordinary person placed in the main hallway
of a mall.
We limited the observations to groups of two walking together as a pair and
excluded other groups which had more or less than two people. We also excluded
pairs who separated before reaching the obstacle and pairs who maintained ex-
cessive intimate relationships such as hand-in-hand couples or a mother and her
baby. We also limited our observations to cases where the pairs maintained their
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spatial relationship before and after passing the obstacle. For example, we ex-
cluded cases such as one person stopping to look at a product on a shelf in the
supermarket.
When selecting observations, we considered their trajectories as well. We se-
lected cases where trajectories were approximately parallel to the either side of the
obstacle so that the probabilities of choosing either side of obstacle were equal.
Results of observations are shown in Table 4.1.
Table 4.1: Passive observation results.
No Scenario Obstacle size (estimate) Same Opposite
h(𝑚), w(𝑚),l(𝑚) sides sides
1 Flower bed 0.5, 2.2, 6.5 8 2
2 Flower pot 0.5, 0.4, 0.6 2 8
3 Sparse fence 0.8, 0.1, 0.1 3 12
4 Shelf 2.5, 1.0, 8.0 10 0
5 Sofa suite 0.8, 2.5, 3.0 12 0
6 Adv box 2.0, 1.2, 0.5 10 0
From the collected data, it can be seen that when a pair encountered a relatively
tall and large obstacle (Scenarios 4 & 5 in Table 4.1), they mainly chose to move
to the same side of the obstacle. Similarly in Scenarios 1 & 5 (flower bed and sofa
suite), where both the bed of flowers and sofa suite have a relative large width,
people mainly preferred the same side. On the other hand, in Scenarios 3 & 6
(flower pot and sparse fence, with a relatively shorter width and height) people
preferred opposite sides.
We can see that the decision that people chose tends to converge to a mode
(a) or (b) in a certain situation. Particularly, when pairs encounter some certain
obstacles, they tend to take mode (a) with some obstacles but take mode (b) with
some other obstacles. We can easily see that, with a person who wanders alone,
the side of the obstacle that he chooses for passing is not important, i.e. there is
no relation to the size of the obstacle if he passes the obstacle to the left or to the
right. Therefore, we believe that the trajectories that people normally took related
to maintaining their optimal comfort, i.e. the side of the obstacles that people
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chose for passing is related to their comfort in passing. In this passing situation,
the obstacles’ size must be an important factor. The large obstacles’ size might
disrupt the optimal relationship of the pairs, therefore people tend to choose the
same obstacles’ side for passing. On other hand, if the obstacle is small, people
can choose different sides because they can move forward with minimal changes
to their trajectories while still maintaining their optimal relationship.
4.2.2 User study
For deep understanding of the passing behaviors of pairs, we set up another study
in a simulation environment in our lab. Some desks, chairs, and cardboard boxes
were used to simulate obstacles in a pathway. In the user study, participants were
asked to walk along a corridor in pairs, in several settings as shown in Figure 4-4.
In setting 1, the pair has to avoid a small obstacle in a hallway (e.g. a column
standing in the middle). In setting 2, the pair has to avoid a large obstacle in a
hallway (e.g. a sofa set or a group of people).
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Figure 4-4: User studies - lab environment
In order to simulate the real scenario in which a caregiver escorts a patient/disabled
person, we set up a walking scenario with a “leader” and a “follower”.
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The leader (the caregiver) was free to choose a trajectory to reach the destina-
tion as well as to avoid obstacles, as long as he thinks that the chosen trajectory is
comfortable to both. The follower was asked to walk with the leader in a pathway
in a natural manner as pairs do. The pair was asked to maintain friendly interaction
with each other.
We set up a simulated hallway with a starting point 𝑆 and a destination 𝐷. In
setting 1, the distance from 𝑆 to 𝐷 is 6 meters, and this distance is 8 meters in
the setting 2. We believe that these distances are long enough for putting the
simulated obstacles in the middle and people can naturally walk and pass them
as in real-world scenarios. We put the obstacle in the middle of 𝑆 and 𝐷 in which
the distance from 𝑆 to the obstacle is 20% longer than the distance from 𝐷 to the
obstacle. The reason for this choice is that, when the pair starts walking, they need
a few moments to synchronize their movements with their partners to form a real
walking pair.
Participants were asked to start a friendly conversation at 𝑆 and then walk to the
destination 𝐷. Without losing the generality of the problem, in all walking sessions,
we set up the leader on the left and follower on the right in the pathway. People
were asked to walk as though they are strolling around a mall or in a park, and
keep focus on maintaining the relationship rather than trying to move quickly to the
destination.
Twelve participants joined our study, their ages ranged from 20 to 55 with the
estimated average age of 40. Participants also had the average height, as we esti-
mated from 1.60m to 1.75m. They were paired randomly, and “leader” & “follower”
roles were also randomly assigned. Each pair walked several times and then they
swapped the “leader” & “follower” roles and/or paired with some other people to
form new pairs. Participants were asked to move adhering to the rules mentioned
above. At the end of each session, each member of the pair was asked whether
the trajectory selected by the partner made him feel comfortable. For a reason
that I will describe in Section 4.3.3 below, we eliminated all the walking sessions in
which the leader’s trajectory was on the right side of the obstacles. After finishing
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Table 4.2: User study: Simulated obstacles
No Simulated obstacle Obstacle size Same Opposite
h(𝑚), w(𝑚),l(𝑚) side sides
1 One column in a sparse fence 0.8, 0.1, 0.1 2 11
2 Small Flower pot 0.3, 0.25, 0.25 1 13
3 Flower pot 0.5, 0.4, 0.6 2 10
4 One rubbish bin 0.8, 0.5, 0.4 2 7
5 One chair 0.8, 0.45, 0.55 2 16
6 Adv. box 1.6, 1.0, 0.4 12 3
7 High column 1.6, 0.5, 0.4 12 4
8 Tall fence 1.6, 0.4, 1.0 9 1
9 Large table 0.75, 1.6, 2.4 12 4
the study, 123 walking sessions were conducted combining participants into differ-
ent pairs and interchanging the leader and the follower roles. Results of the walking
sessions are summarized in Tables 4.2. The obstacles numbered 1-7 were placed
in the setting 1 (shorter corridor), and the obstacles numbered 8-9 were placed in
the setting 2 (longer corridor).
In Table 4.2, the “Leader” always passed the obstacles to the left. With the
cases two members of the pair chose to pass to the "same side" of the obsta-
cles, that means the “Follower” also passed the obstacles to the left. With other
cases, when the “Follower” was in the opposite with the “Leader”, that means the
“Follower” passed the obstacles to the right.
Generally, we observed that pairs tend to pass the obstacle to the same side
when the obstacle is large and tall. Some participants commented that they did
this to maintain a better conversation as the large size of the obstacle can hinder
the conversation otherwise. However, if the obstacle was small, we observed that
people behaved in a different manner. In most situations, the leader who was
on the left passed the obstacle from the left, and the follower who was on the
right passed the obstacle from the right while maintaining a similar relative angle
formation with the leader in the side-by-side walking mode. In a few sessions, the
follower decided to follow the leader from the left; but then both claimed that their
chosen trajectories were not very comfortable.
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4.2.3 Active mode - a new walking mode
From the collected data, it can be seen that when passing an obstacle from the
opposite sides to a leader, i.e. where followers chose the passing mode (b), the
follower’s behavior is different from known passing behaviors; i.e. side-by-side and
following modes. Since they are on opposite sides, the leader-follower mode is
not established as the leader is not in front of the follower. The original side-by-
side mode also did not exist since an obstacle was in the middle of the pair; it
disrupted the side-by-side formation between the pair. Hence a third walking mode
must exist during this period and I called it “Active mode”. In the Active mode,
the follower temporarily stops following the leader and actively finds a pathway
to pass the obstacle with the intention of reuniting with the leader at some time
in the future. Obviously, when the follower decided to choose the Active mode, he
should have a reason for that. Because we asked participants to walk in trajectories
that bring them the most comfort, we believe that the follower should feel more
comfortable if he selects the Active mode. In addition, the follower also believed
that his decision also made walking more comfortable for the leader. Therefore, I
concluded that the decision of choosing one of these modes, Standard mode or
Active mode, is not random but based on optimizing comfort for the pair. Because
most participants were asked to act as a leader in some walking sessions, and
then changed their role to a follower in some other walking sessions, I concluded
that people automatically know what mode they need to choose. That meant the
decision of choosing the mode to follow is not random.
In addition, many participants were not familiar with their partner in the pair
but their walking modes were consistent with those of other groups without need-
ing to discuss with their walking partner. Therefore I believe that certain walking
behaviors are common to humans in general, not confined to a small group of
participants.
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4.3 Model development
4.3.1 Setting assumption
Our scenario is a strolling session of a pair, simulating a caregiver (called the
leader) who escorts a patient/elderly (called the follower) to wander around. The
caregiver has a mission to guide the patient/elderly to walk following a pathway
to a destination, however both people should act naturally as companions without
one entirely depending on the other. During the strolling session, they encounter
a static obstacle located in the middle of the pathway. In this situation, the leader
actively chooses a trajectory to pass the obstacle. Based on reasoning about the
future action of the leader, the follower has to make a decision to choose a side of
the obstacle for passing which allows him to maintain the friendly relationship with
the leader and the comfort of both members of the pair in the passing process.
In detail, our setting assumptions are as follows:
∙ Two people are walking together, one is the leader and the other is the fol-
lower. Without the loss of generality of the problem, the leader always starts
from the left, and the follows always starts from the right of the pair.
∙ Both people start walking at the same time from the starting point 𝑆 toward
destination 𝐷. They try to maintain a friendly relationship while walking. As a
result a side-by-side walking formation is the preferred mode.
∙ The leader actively processes a trajectory towards the destination. We as-
sume that he not only considers the most comfort route toward the destination
for himself but also for the follower.
∙ The follower is a side-by-side robotic wheelchair with a wheelchair user sit-
ting in it. The mission of this wheelchair is to bring the wheelchair user to
the destination as naturally as he himself walks, i.e. it acts in a human-like
manner.
∙ While walking, the pair encounters a static obstacle. The follower has to
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make a decision on how to pass the obstacle. Particularly, it has to make a
decision to choose Standard mode or Active mode.
∙ The obstacle is solid and cannot be seen through but one that does not hinder
the sound, i.e. it does not hinder the conversation. We only consider obsta-
cles which have simple cubes and can be grouped as rectangular blocks, or
round/elliptical cylinders. Obstacles with complicated shapes such as a L or
Z shapes, or a maze are not considered.
The model developed to answer this question should give results similar to what
humans normally do. Once developed, the model will be implemented on a side-
by-side robotic wheelchair. The follower in the setting will be replaced by the robotic
wheelchair with a wheelchair user sitting in it. By implementing the developed
model on a side-by-side robotic wheelchair, the wheelchair should be able to make
a decision to pass the obstacle in a way similar to the decision the wheelchair user
would make if walking himself. Technically, our objective is to develop a decision
model that would help the follower answer the question: “between Standard mode
and Active mode, which mode is better for passing obstacle?”.
4.3.2 Decision making hypothesis
As discussed in the Setting assumption, the follower has two options to decide:
Standard mode and Active mode. Technically, I hypothesized that when a pair
walks together and encounters an obstacle, the follower’s decision making process
is as follows (see Figure 4-5):
1. Step 1: Follower predicts the decision of the leader; i.e. will the leader pass
the obstacle from the left or the right?
2. Step 2: The follower generates all possible trajectories 𝑇 𝑓 for himself in both
modes (Standard and Active). These trajectories will start from a point 𝑝𝑓𝑘
where the follower might start implementing the decision at a certain point of
time 𝑘 in future. The position 𝑝𝑓𝑘 has to be in between the current position 𝑝1
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Figure 4-5: Follower’s decision making process
and the position of the obstacle. All trajectories in 𝑇 𝑓 will end at 𝐶. 𝐶 is the
earliest converge position of all trajectories in which both the members of the
pairs entirely reforming the normal side-by-side walking mode after passing,
therefore 𝐶 is a position beyond the obstacle towards the direction of the
destination 𝐷.
3. Step 3: The follower generates all 𝑛 possible trajectories 𝑇 𝑙 corresponding to
each trajectory in 𝑇 𝑓 ; i.e. he generates Γ = (𝑇 𝑙, 𝑇 𝑓). All the trajectory pairs
in Γ have to converge at point 𝐶.
4. Step 4: The follower compares the comfort that each trajectory pair Γ might
bring to him and his partner. The trajectory pair which he believes will give
maximum comfort for both parties will be selected.
Mathematically, we have:
𝑝𝑡 = (𝑝
𝑙
𝑡, 𝑝
𝑓
𝑡 ) (4.1)
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𝑝𝑘 = (𝑝
𝑙
𝑘, 𝑝
𝑓
𝑘) (4.2)
𝑇 𝑙 = {𝑇 𝑙1, 𝑇 𝑙2, ..., 𝑇 𝑙𝑛} (4.3)
𝑇 𝑓 = {𝑇 𝑓1 , 𝑇 𝑓2 , ..., 𝑇 𝑓𝑛 } (4.4)
Γ𝑞 = {(𝑇 𝑙𝑞, 𝑇 𝑓𝑞 )} (4.5)
Γ = {Γ1,Γ2, ...,Γ𝑛} (4.6)
Here, 𝑝𝑡 gives the positions of the leader and the follower at time 𝑡 in which the
follower may start thinking about the decision that he chooses for passing, and then
he makes his decision before he reaches 𝑝𝑘. 𝑝𝑘 gives the positions of the leader
and the follower at a certain point of time 𝑘, at this time 𝑘 the follower decides
to implement his decision. 𝑇 𝑙 is the set of all possible trajectories of leader at a
certain point of time 𝑘 towards the converge position 𝐶. Similarly 𝑇 𝑓 is the set of
all possible trajectories of follower at a certain point of time 𝑘 towards 𝐶. Γ𝑞 is a
set of a trajectory pair {(𝑇 𝑙𝑞, 𝑇 𝑓𝑞 )}, in which 𝑞 = (1, 2, ..., 𝑛) is a certain number of
a trajectory pair. Γ is the set of all possible trajectory pairs at 𝑘 towards 𝐶. The
mission of the decision making process is that the follower needs to choose Γ* ∈ Γ
which he believes will bring the most comfort to him and his partner.
4.3.3 Predicting Leader’s Decision
Let’s assume that the leader and the robot are in 𝑝𝑙𝑘 and 𝑝
𝑓
𝑘 respectively. As illus-
trated in Figure 4-6, I define a point 𝑝𝑜𝑙 as a position on the left of the obstacle, and
𝑝𝑜𝑟 as a position on the right of the obstacle. Theoretically, each member of the
pair can choose to go to 𝑝𝑜𝑙 or 𝑝𝑜𝑟 , i.e. we have the 4 cases given below.
1. Case 1: The leader moves toward 𝑝𝑜𝑙, the follower moves toward 𝑝𝑜𝑟 .
2. Case 2: The leader moves toward 𝑝𝑜𝑙, the follower moves toward 𝑝𝑜𝑙.
3. Case 3: The leader moves toward 𝑝𝑜𝑟 , the follower moves toward 𝑝𝑜𝑟 .
4. Case 4: The leader moves toward 𝑝𝑜𝑟 , the follower moves toward 𝑝𝑜𝑙.
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Figure 4-6: Predicting leader’s decision
However, as can be seen the case 4 is not convenient to both parties as it
blocks each participant’s trajectory. Hence this case is not considered here. In
addition, if the leader moves towards the right (case 3), then the follower should
always move right, since the follower is already on the right, following the leader.
Otherwise he will block the leader’s trajectory. Hence, if the follower predicts that
the leader will move toward 𝑝𝑜𝑟 then the decision making process is not needed as
he should definitely move toward 𝑝𝑜𝑟 , i.e. choosing Standard mode. Therefore, the
follower only needs to consider if he predicts that the leader will move toward 𝑝𝑜𝑙,
i.e. our model is only applicable to cases 1 and 2 where the leader moves left and
the robot has to choose between left and right.
4.3.4 Standard Mode
The Standard mode is implemented when the follower decides to pass an obstacle
from the same side of the obstacle as the leader. In this situation, the obstacle
simply narrows the pathway, the pair keeps walking together and they can maintain
the side-by-side walking mode if the pathway is not too narrow, otherwise they can
walk in the leader-follower mode.
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4.3.5 Active Mode
The active mode is implemented when the follower decides to pass the obstacle
from the opposite side to the leader’s side. As illustrated in Figure 4-5, there are
three stages in Active Mode when passing an obstacle:
1. The first stage takes place from starting position 𝑝𝑘 to 𝑝𝑘1. In this stage,
two members of the pair approach the obstacle, and each person moves to
each side of the obstacle. This stage is finished when the obstacle starts
interfering with them.
2. The second stage begins when the obstacle starts interfering with the pair;
i.e. from 𝑝𝑘1 to 𝑝𝑘2. During this stage, the pair keeps walking with an obstacle
in between them.
3. The third stage is from 𝑝𝑘2 to 𝐶, where the pair reunites back to the side-
by-side formation at the convergence point. After finishing the stage 2, two
members of the pair completely pass the obstacle and the obstacle no longer
interferes with the pair. They start reforming the side-by-side walking forma-
tion as normal.
As mentioned in the previous chapter, so far we know that before making a
step, each member of a pair has to consider how to optimize eight factors related
to his comfort and social comfort: distance to obstacles 𝑂 [27], moving toward
subgoals 𝑆 [28, 29], relative distance between two members 𝑅𝑑 [1], relative angle
𝑅𝛼 [30], relative velocity 𝑅𝑉 [31], moving acceleration 𝑀𝑎 [27,34], moving velocity
𝑀𝑉 [35], and angular velocity 𝑀𝑤 [27]. In the entire Standard mode, and stage
(1,3) of Active mode, each member of the pair is affected by these eight factors.
However in stage (2) of Active mode, there is an obstacle in between them. From
observation, I can see that people tend to choose Standard mode if the size of the
obstacle is large and the level of occultation from one person to his partner is high,
and they choose Active mode if the size of the obstacle is small and the level of
occultation from one person to his partner is also small. Therefore, aside from the
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eight factors above, there must be another factor involved in the decision making
process of humans. In this case, I believe that the ability to observe partners, called
vision ability, is an important factor. Indeed, we know that in human interactions,
not only spoken languages but also nonverbal languages [32], such as gestures
or movements too play a big role, hence the ability to see postures and gestures
of the partner is a necessity. It is apparent that the obstacle will hinder this ability:
the bigger the obstacle, the harder it is for the person to see his partner, and vice
versa. In other words, during walking, pairs try to maximize the ability to see each
other and therefore when an obstacle hinders this ability, that affects the trajectory
choices of the walkers.
4.3.6 Modeling the vision ability
Based on the study of Morales et al. [12] which has been incorporated the eight
factors above, I develop the model further to adapt to the situation in which there
is an object inserted between the pair by quantifying the influence of the obstacle
on the ability to see each other. I introduce Vision factor 𝑅𝛽 with its function, called
“vision utility” 𝑓𝑅𝛽 as follows:
𝑅𝑓𝛽𝑡 =
ℎ
(𝑙,𝑓)
𝑡
ℎ𝑙
(4.7)
𝑅𝑙𝛽𝑡 =
ℎ
(𝑓,𝑙)
𝑡
ℎ𝑓
(4.8)
𝑓𝑥𝑅𝛽𝑡
=
⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩
0 if 𝑅𝑥𝛽𝑡 = 1
𝑓(𝑅𝑥𝛽𝑡) < 0 if 𝑅
𝑥
𝛽𝑡
< 1 where 𝑥 = 𝑙, 𝑓
𝑎𝑟𝑔𝑚𝑖𝑛(𝑓(𝑅𝑥𝛽)) if 𝑅
𝑥
𝛽𝑡
= 0
(4.9)
As shown by the above equations, 𝑓 𝑓𝑅𝛽𝑡 is the vision utility of the follower at time
𝑡 and it is a function of 𝑅𝑓𝛽𝑡. 𝑅
𝑓
𝛽𝑡
is the fraction of the leader’s height as seen by the
follower at time 𝑡, controlled by the values of ℎ(𝑙,𝑓)𝑡 and ℎ𝑙. Figure 4-7 illustrates the
method to compute ℎ(𝑙,𝑓)𝑡 and ℎ𝑙. 𝑅𝑙𝛽𝑡 is determined by a similar way as 𝑅
𝑓
𝛽𝑡
.
From the above explanation it is clear that when 𝑅𝑓𝛽𝑡 = 0 then the follower
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Figure 4-7: Vision factor: illustration of the method to compute 𝑅𝑙𝛽𝑡 and 𝑅
𝑓
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cannot see the leader at all, 𝑓 𝑓𝑅𝛽𝑡 gets minimum value; when 𝑅
𝑓
𝛽𝑡
= 1 then the
follower can fully see the leader, 𝑓 𝑓𝑅𝛽𝑡 gets maximum value 0; in other cases when
0 < 𝑅𝑓𝛽𝑡 < 1, 𝑓
𝑓
𝑅𝛽𝑡
receives a value in between the minimum value 𝑎𝑟𝑔𝑚𝑖𝑛(𝑓 𝑓𝑅𝛽) and
0. Similarly, when 𝑅𝑙𝛽𝑡 = 0, the follower is completely occluded from the leader, 𝑓
𝑙
𝑅𝛽𝑡
gets minimum value; when 𝑅𝑙𝛽𝑡 = 1 then 𝑓
𝑓
𝑅𝛽𝑡
= 0; in other cases when 0 < 𝑅𝑓𝛽𝑡 <
1, 𝑓 𝑓𝑅𝛽𝑡 receives a value in between the minimum value 𝑎𝑟𝑔𝑚𝑖𝑛(𝑓
𝑙
𝑅𝛽
) and 0. For
maintaining the best relationship, and therefore optimizing comfort, before making
a new step, each member of a pair always tries to avoid being occluded from
their partners and also tries to find a next position in which he can fully observe
his partner. Technically, people try to maximize the value of 𝑅𝛽, and therefore,
maximize the value of 𝑓𝑅𝛽 .
People mainly focus on observing the upper half of their companions [32], in-
cluding faces, hands, arms. Therefore, assume that between a pair is an obstacle;
if the obstacle hides a part of their legs, the comfort level of each person is not
greatly reduced. However, if the obstacle is taller and wider and it can hide a part
of the upper half of the bodies, people quickly feel uncomfortable. Especially when
most parts of the companions’ body are hidden, although people still can see their
partners, their relationship is considered as completely interrupted. In other words,
starting from 𝑅𝛽 = 1, when 𝑅𝛽 starts reducing, 𝑓𝑅𝛽 slowly reduces, however when
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𝑅𝛽 decreases to a given threshold, 𝑓𝑅𝛽 rapidly reduces. If 𝑅𝛽 continues decreasing
to another given threshold, 𝑓𝑅𝛽 is near to reaching its minimum value. From this
threshold, because 𝑓𝑅𝛽 is nearly equal its minimum value, its value slowly reduces
to its minimum value although 𝑅𝛽 continues reducing to zero.
Based on these characteristics, I modeled the utility function 𝑓𝑅𝛽 as a bell func-
tion as follows:
𝑓𝑅𝛽 =
1
1 + |(𝑅𝛽−𝑐
𝑎
)2𝑏|
− 1 (4.10)
Here, 𝑎, 𝑏, and 𝑐 are coefficients of the function.
The utility function 𝑓𝑅𝛽 (Eq. 4.9) is used as follows:
1. In Active mode:
(a) In the stages 1 and 3, there is no obstacle in between the pair, therefore
they can fully see each other, i.e. 𝑅𝑥𝛽𝑡 = 1, 𝑓
𝑥
𝑅𝛽𝑡
get the maximum value
0.
(b) In the stage 2, the obstacle temporarily interferes the pair, the vision from
one person to his partner is reduced 𝑅𝑥𝛽𝑡 ≤ 1 and therefore 𝑓𝑥𝑅𝛽𝑡 ≤ 0. In
the special case where one person cannot see his partner 𝑅𝑥𝛽𝑡 = 0,
therefore he cannot estimate all the relative factors between the pair, all
the other relative utilities in equation 4.11 gets their minimum values.
2. In Standard mode: the obstacle does not interfere the pair and one person
can always fully see his partner 𝑅𝑥𝛽𝑡 = 1, therefore 𝑓
𝑥
𝑅𝛽𝑡
= 0.
Incorporating the vision utility, the overall utility of 𝑓 towards 𝑙 at time 𝑡 is given
by the equation 4.11 as follows:
𝑈 (𝑓,𝑙) =𝑘𝑅𝛽𝑓
𝑓
𝑅𝛽
+ 𝑘𝑂𝑓
𝑓
𝑂 + 𝑘𝑆𝑓
𝑓
𝑆 + 𝑘𝑅𝑑𝑓
𝑓
𝑅𝑑
+ 𝑘𝑅𝛼𝑓
𝑓
𝑅𝛼
+ 𝑘𝑀𝑎𝑓
𝑓
𝑀𝑎
+ 𝑘𝑀𝑉 𝑓
𝑓
𝑀𝑉
+ 𝑘𝑀𝑤𝑓
𝑓
𝑀𝑤
(4.11)
In 𝑈 (𝑓,𝑙), 𝑓 𝑓𝑂, 𝑓
𝑓
𝑆 , 𝑓
𝑓
𝑅𝑑
, 𝑓 𝑓𝑅𝛼, 𝑓
𝑓
𝑀𝑎
, 𝑓 𝑓𝑀𝑣 , and 𝑓
𝑓
𝑀𝑤
are the utilities of distance to
obstacles, angles to subgoals, social relative distance, relative angle, acceleration,
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velocity, and angular velocity as described in [12]. 𝑓 𝑓𝑅𝛽 is the vision utility introduced
in the chapter. All 𝑘 values are weight coefficients. With each factor 𝑂, 𝑆, 𝑅𝑑, 𝑅𝛼,
𝑀𝑎, 𝑀𝑣, and 𝑅𝛽, when they reach the optimal value, people feel most comfortable
with that factor, and the corresponding function receives the maximum value. The
equation of 𝑈 (𝑙,𝑓) is similar to 𝑈 (𝑓,𝑙).
Based on 4.11, at time 𝑡, before making a new step, the follower needs to
estimate the value of Ω for the time 𝑡 + 1 for each next feasible positions 𝑝𝑙𝑡+1, 𝑝
𝑓
𝑡+1
of both members of the pair:
Ω𝑡+1 = 𝑈
(𝑓,𝑙)
𝑡+1 ) + 𝑈
(𝑙,𝑓)
𝑡+1 (4.12)
Assuming that, all the feasible positions of the two members 𝑙, 𝑓 of the pair at
time 𝑡+ 1 in the environment are represented by the set P𝑡+1 = ({𝑝𝑙𝑡+1, 𝑝𝑓𝑡+1}), then
the position 𝑃 *𝑡+1 ∈ P𝑡+1 is most likely to be chosen if:
Ω𝑃 *𝑡+1 = 𝑎𝑟𝑔𝑚𝑎𝑥(Ω𝑡+1) (4.13)
4.3.7 Modeling the decision making process
The decision making starts when the follower starts comparing different solutions
for passing the obstacle. Technically, the follower has to find the “most comfortable
route Γ*” from 𝑝𝑓𝑘 to 𝐶, from the set Γ (see Figure 4-5).
Based on Eq. 4.12, the next most comfortable positions 𝑃 * of the pair can be
found. For finding the “most comfortable route Γ*”, a grid of 𝑛 × 𝑚 is applied on
the navigation map of the environment, and I employed the Greedy algorithm with
Eq. 4.12 as the cost function as follows:
ΩΓ =
𝑒Γ∑︁
𝑡=0
𝑎𝑟𝑔𝑚𝑎𝑥
𝑞𝑡
(𝑈
(𝑓,𝑙)
𝑡 ) + 𝑎𝑟𝑔𝑚𝑎𝑥
𝑟𝑡
(𝑈
(𝑙,𝑓)
𝑡 ) (4.14)
Here, 𝑒Γ is the number of steps that one person needs to move following tra-
jectory set Γ. At time step 𝑡, the follower can consider to choose one cell in 𝑞 cells
in the grid, where 𝑞𝑡 is the number of practically possible next positions (cells) that
the follower can move to at time 𝑡 + 1. Each cell will give a different utility towards
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leader and 𝑎𝑟𝑔𝑚𝑎𝑥
𝑞
(𝑈
(𝑓,𝑙)
𝑡 ) in Eq. 4.12 is the maximum of these utilities. Similarly,
at 𝑡, the leader can consider and choose one cell in 𝑟𝑡 cells in the grid and the rest
follows. For each route pair in Γ, a better route corresponds to the route that gives
a higher value of ΩΓ. The value of ΩΓ found in Eq. 4.14 reflects the optimal route
that can be found by the Greedy algorithm.
From the Eq. 4.14, we can see that, if two trajectory sets Γ and Γ′ have the
same number of steps 𝑒, the trajectory set which generates a higher value of Ω
reflects a state in which the pairs feel more comfortable, therefore it is more likely
to be chosen. In other words, if a trajectory set Γ𝑚𝑎𝑥 ∈ Γ generates the maximum
value of ΩΓ:
ΩΓ𝑚𝑎𝑥 = 𝑎𝑟𝑔𝑚𝑎𝑥(ΩΓ) (4.15)
then it means Γ𝑚𝑎𝑥 brings the most comfort to the pair.
However, one problem that can be seen is that, among all the feasible walk-
ing plans Γ that people can chose, some plans need a shorter time to complete,
whereas some other take more time; i.e. not all the trajectory sets Γ have the
same values of 𝑒Γ. As discussed in [27, 34], humans normally try to save their
energy during walking, therefore people should usually prefer a shorter trajectory
to a longer trajectory, or a trajectory that can be completed in a shorter time should
be more preferred to a trajectory that can be finished in a longer time. Technically,
if:
𝑒Γ𝑚𝑖𝑛 = 𝑎𝑟𝑔𝑚𝑖𝑛(𝑒Γ) (4.16)
then 𝑒Γ𝑚𝑖𝑛 is more preferred by both the leader and the follower.
Ideally, if Γ𝑚𝑎𝑥 comes with 𝑒Γ𝑚𝑖𝑛, then this is the plan that the follower should
choose, because it brings the most comfort to the pair and it can be completed in
the shortest time. However, one potential problem is that sometimes Γ𝑚𝑎𝑥 does not
come with 𝑒Γ𝑚𝑖𝑛, as illustrated in Figure 4-8.
Visually, as can be seen in Figure 4-8, if the obstacle is small (e.g. a chair),
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Figure 4-8: An optimal moving plan may takes more steps to complete than other
plan
through our observation, moving plan a) chosen by most people is also needs a
smaller number of steps 𝑒 to complete than plan b), i.e. plan a) is optimal for the
pair to move from 𝑝𝑘 to 𝑝𝐶 and it is also faster than plan b). On other hand, if the
obstacle is larger, plan b) is more optimal although it needs more time to complete
than plan a).
For tackling this problem, I consider that the "average quality" of each step
plays the main role in the decision making process. Technically, a route Γ that can
generate a higher value of:
𝑄Γ =
ΩΓ
𝑒Γ
(4.17)
is more likely to be chosen. Based on this concept, if I have a trajectory pair Γ*
which can generate:
𝑄Γ* = 𝑎𝑟𝑔𝑚𝑎𝑥(
ΩΓ
𝑒Γ
) (4.18)
then Γ* is most likely to be chosen by the follower, i.e. Γ* is the result of the
decision making process.
Ideally, to find Γ*, we need to find all the trajectory pairs in set (Γ), and from
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that to find 𝑄Γ. However, in this situation, I considered that the heuristic tech-
nique can be employed alongside the greedy algorithm by finding two trajectory
pair (Γ𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑, Γ𝐴𝑐𝑡𝑖𝑣𝑒) in two modes, Standard and Active, and then compare them
together. The trajectory pair Γ which can generate a higher value of 𝑄Γ will be
selected.
One issue which needs to be solved is to find the starting positions (𝑝𝑙𝑘, 𝑝
𝑓
𝑘)
and the convergence position (𝑝𝑙𝐶 , 𝑝
𝑓
𝐶) of all the trajectory pairs after passing the
obstacle. As can be seen that, before (𝑝𝑙𝑘, 𝑝
𝑓
𝑘), the pair walks as normally as there
is no obstacle in front, therefore the value of Ω and 𝑒 are not affected by the mode
(Standard or Active) that the follower chooses after (𝑝𝑙𝑘, 𝑝
𝑓
𝑘). Similarly, after (𝑝
𝑙
𝐶 , 𝑝
𝑓
𝐶),
the pair returns to the normal side-by-side walking mode, therefore the value of Ω
and 𝑒 are not affected by the mode that they select before that either. Hence, the
process described above is not affected if I elongate the trajectory pair Γ to the
starting point 𝑆 to the final destination 𝐷. By apply this tactic, I don’t need to find
the positions (𝑝𝑙𝑘, 𝑝
𝑓
𝑘) and (𝑝
𝑙
𝐶 , 𝑝
𝑓
𝐶) before finding Γ
*.
4.3.8 Parameter calibration
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The co-efficients 𝑎, 𝑏, and 𝑐 as well as 𝑘 values in Eq. 4.11 needs to be deter-
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mined for a working model. I setup a simulator with a simulation environment for
calibrating the co-efficients’ values.
∙ Similar scenarios to the observed environments are set up. A grid 𝑛x𝑚 cells
is applied on the walking map, the size of each cell being 20x20 centimeters.
∙ At the begining, I keep all the co-efficients’ values that have been found by
Morales studies.
∙ Initially, with 𝑓𝑅𝛽 , I estimated the starting values 𝑎 = 1 and 𝑏 = 1. Because
the function gets the maximum value when 𝑅𝛽 = 1, hence I set 𝑐 = 1 and the
value of 𝑐 will not be changed during calibration process. I also set 𝑘𝑅𝛽 = 1 at
the beginning.
∙ I write a simulator program to calibrate the value of co-efficients so that the
decisions generated from the simulator are similar to the decisions of people
in the walking session data. All the recorded data was used as the training
set.
∙ To ensure that I can run the Greedy algorithm in both Standard and Active
modes, a virtual obstacle is added to block the pathway of the follower as
illustrated in Fig 4-10.
∙ The ∆𝑡 for each step was set 0.2 seconds. At each step, the simulator
scanned 5 cells around the current position 𝑝𝑥𝑡 where 𝑥 = (𝑙, 𝑓) of each
person. The set 𝑃 *𝑡 = (𝑝𝑙𝑡, 𝑝
𝑓
𝑡 ) which generates the maximum value 𝑈* ∈
𝑈 (Eq. 4.11) is selected, and this value is added to Ω𝑚𝑜𝑑𝑒 where 𝑚𝑜𝑑𝑒 =
(𝑆𝑡𝑎𝑛𝑑𝑎𝑟𝑑,𝐴𝑐𝑡𝑖𝑣𝑒). Starting from 𝑒Γ = 0, after each step, 𝑒Γ will be increased
to 1.
∙ Two members of the pair were started from an ideal relative distance 𝑅𝑑 =
80cm. The leader always started from the left, and the follower started from
the right side of the corridor. Each simulated walking process stops at a po-
82
sition in which the distance from both members of the pair to the destination
𝐷 is less than 100 cm.
∙ All the obstacles were modeled as rectangular blocks.
Virtual obstacles
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Figure 4-10: Virtual Obstacle
The calibration process was run by tuning these parameter values until results
in the simulator similar to human decision making (observed during studies) were
obtained. From the observed data, one issue that can be seen is that, in some situ-
ations, not all the people made the same decision. In some cases, some followers
chose to move to the left, whereas some other chose to move to the right. From
my observation in the study, when pairs set their relationship at a higher priority,
they normally tried to maintain their relative distances, and therefore, the followers
preferred to move to the left. In some other situations, the pairs maintained a loser
relationship, the follower preferred a shorter trajectory, i.e. he preferred to move
to the right. I believe that this explains the reason why in some observed cases in
the study, not all the people made the same decision. Actually, I believe that not all
the people react exactly in the same situation, furthermore even the same person
can react differently if he/she meets the same situation on a different occasion.
Therefore, I chose to develop the decision making model based on the selection of
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Table 4.3: Detemined co-efficients for the decision model
Parameters
𝑓𝑅𝑑 𝑓𝑅𝑎 𝑓𝑅𝑣 𝑓𝑂 𝑓𝑆 𝑓𝑀𝑣 𝑓𝑀𝑤 𝑓𝑀𝑎 𝑓𝑅𝛽
a 0.25 0.08 0.2 20.0 0.45 0.3 0.7 0.2 0.3
b 2.0 3.0 1.2 0.4 1.0 1.6 4.4 1.0 2.0
c 0.75 1.6 0.0 - 0.0 1.1 0.0 0.0 1.0
k 0.42 0.25 0.01 0.04 2.0 0.05 0.01 0.01 1.5
the majority and skip the rest data, i.e. the model will be calibrated based on the
selection of most people.
The new co-efficient 𝑎, 𝑏, 𝑐, and 𝑘 values are shown in the last column of Ta-
ble 4.3. I kept all the co-efficient 𝑎, 𝑏, 𝑐 values from the previous study of Morales
et al. [12], except some values of 𝑘 were changed (the bold values). Table 4.3
showed the tuning values after the calibration process.
4.3.9 Decision making simulation results
Fourteen test results obtained using the completed model are shown in Table 4.4.
In Table 4.4, second column gives the obstacle size. 𝐿 is the width of the path
around the obstacle.
Fourth column gives the utility of the pair (ΩΓ) when the follower passes the
obstacle from the left side. Similarly, the fifth column shows the utility of the pair
when the follower passes from the right. Follower’s choice is the actual decisions
(left or right) made by the follower.
From the results in Table 4.4, it can be seen that the model was able to gen-
erate the same decision-making (choosing Standard mode or Active mode) as
participants did in Tables 4.1 and 4.2. In other words, when our model is imple-
mented on a side-by-side robotic wheelchair, it helps the wheelchair to choose a
suitable moving plan, Standard or Active mode, consistent with wheelchair users
would want to choose in most situations.
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Table 4.4: Decision results from the simulator with observed obstacles (follower’s
height=1.6m, leader’s height= 1.7m)
No. Obs. name Obs. size L From
left
From
right
Follower’s
choice
(h,w,l) in 𝑚 (𝑚) 𝑄Γ 𝑄Γ
1 Flower bed 0.5,2.2,6.5 0.8 -3.79 -4.18 left
2 Flower pot 0.5,0.4,0.6 1.6 -3.05 -2.02 right
3 Sparse fence 0.8,0.1,0.1 1.8 -2.77 -1.73 right
4 Large shelf 2.5,1.0,8.0 0.8 -3.79 -5.12 left
5 Sofa suite 0.8,2.5,3.0 0.8 -3.57 -3.88 left
6 Adv box 2.0,1.2,0.5 2.0 -3.22 -3.41 left
7 One small
column
0.8,0.1,0.1 1.8 -2.44 -1.6 right
8 Small flower
pot
0.3,0.25,0.25 1.8 -2.44 -1.59 right
9 One rubbish
bin
0.8,0.5,0.4 1.6 -2.44 -2.39 right
10 One chair 0.8,0.45,0.55 1.6 -2.41 -1.75 right
11 2nd. Adv
box
1.6,1.0,0.4 1.2 -2.61 -3.38 left
12 High column 1.6,0.5,0.4 1.6 -2.56 -2.63 left
13 Tall fence 1.6,0.4,1.0 1.6 -2.66 -2.72 left
14 Large table 0.75,1.6,2.4 1.2 -3.56 -3.76 left
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4.4 Summary
In this chapter I have proposed a novel decision making model for a side-by-side
robotic wheelchair. First, data pertaining to human decision making during side-by-
side walking were collected through passive observations and a user study. Col-
lected data were analyzed to understand how people pass obstacles when walking
as pairs. From this analysis, a new walking mode was identified and the name
“Active mode” was proposed. Then, a decision making model was developed to
simulate the human decision making process in the active mode. A simulation envi-
ronment was used to tune the parameters of the decision making model as well as
to validate the model. During this process, the “vision factor” was also determined
and contributed into the decision making process.
By applying our model with calibrated parameters, a robotic wheelchair would
be able to generate reliable and reasonable decisions to optimize benefits for both
the wheelchair users and the caregiver while walking; i.e the robot is able to mimic
the decision making process of humans. This is an improvement over previous
decision making models implemented for side-by-side wheelchairs.
The proposed model still has some limitations, and improving those limitations
is an ongoing work. The current model considers only a static environment and
the destination is known. However in the real scenarios, the environment usually
consists of dynamic objects and the destination may not be known. The greedy
algorithm also raises some issues due to its inherent limitations. Basically, this
algorithm may not generate an optimal result if the environment’s structure is com-
plicated, e.g. moving in a zigzag pathway. In addition, improving the proposed
decision making model to incorporate wider scenarios and tuning the model using
a larger data set is the next step of this ongoing work.
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Chapter 5
A Navigation Model for Optimizing
Social Comfort In Crossing Situations
In the previous chapter, I have presented a model to optimize the relationship be-
tween the caregivers and the wheelchair users in situations passing static obsta-
cles. In this chapter, I take another step forward to develop the model for dealing
with crowded environments.
Among different scenarios that a side-by-side robotic wheelchair has to deal
with, crossing pedestrians is a common situation. Yet techniques developed for
tackling the problem of passing pedestrians have still failed to take into account
enough factors related to human walking behavior, therefore the navigation plan
is not natural. To tackle this problem, in this chapter I propose a novel navigation
model for side-by-side robotic wheelchairs that considers Friendly Link factor and
Preferred Walking Velocity related to the comfort of wheelchair users, caregivers
and pedestrians. The model is carried out based on an experimental observation
and data collection. The developed model is then validated by comparing the dis-
tance errors between the moving solutions of the new model and previous methods
with the real solutions of humans based on a natural walking scenario. The experi-
mental results show that the performance of the proposed technique is significantly
better than that of previous techniques.
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5.1 Introduction
During a navigation session, among various different scenarios that a side-by-side
robotic wheelchair has to deal with, passing pedestrians is a common problem.
Figure 5-1 depicts five main modes in which a walking pair can pass another
pedestrian walking in the opposite direction on a pathway (a to e).
Figure 5-1: Passing behavior between a pair and a pedestrian (𝑖 and 𝑗 are a walking
pair and 𝑚 is a pedestrian walking in the opposite direction).
In modes (a) and (b), the pair tries to maintain their side-by-side formation dur-
ing the passing period. In modes (c) and (d), the pair switches from side-by-side
formation to leader-follower formation, where one person follows the other person
while passing. In mode (e), the pedestrian’s trajectory disturbs the side-by-side
formation of the pair. As can be seen from my observations, which are described
in detail in Section 5.2, the majority of people prefers the passing modes (a) or (b)
if the pathway is not too narrow.
Based on my investigation, although a large number of studies have been con-
ducted for passing pedestrians, most of those solutions are developed for robots
moving alone; not with a human moving alongside. Among the few studies which
88
were conducted for a side-by-side robot and human pair avoiding obstacles, there
are three main approaches [10,12,18].
In the navigation solution developed by Sato et al. [8, 18] the wheelchair goes
to a side of the caregiver by default. While following the caregiver, assuming that
agent 𝑖 is the caregiver and agent 𝑗 is the wheelchair, the wheelchair 𝑗 changes its
relative position with the caregiver 𝑖 from side-by-side formation to leader-follower
formation (wheelchair follows the caregiver) if an obstacle or a pedestrian is found,
i.e. the robot always chooses passing mode (c). This allows both the caregiver
and the wheelchair to avoid collisions with the obstacle or pedestrian. However,
this model does not reflect the reality that people prefer passing modes (a) and
(b) to other modes, i.e. this model is not capable of producing natural human-like
motions; or it lacks the methods to maximize the comfort of people when passing
pedestrians.
Ferrer et al. [10] developed a mobile robot to accompany a person based on
social-force and proxemics concepts in which their model mainly focuses on main-
taining a comfortable distance between the robot, its companion, and surrounding
people. Yet, some important factors are ignored, e.g. in real-world scenarios, the
robot not only has to take into account the navigation plan to move alongside a
caregiver, but the caregiver himself and the surrounding people also have their
own predictions and reactions based on the past and future actions of the robot.
One of the main disadvantages of this method is that it does not have any mech-
anism for suggesting to the robot that modes (a) and (b) are the most preferred
modes chosen by the caregiver and the pedestrian.
In a more comprehensive navigation model developed by Morales et al. [12] as
described in Chapter 3, eight factors that influence the decisions of a walking pair
are considered. In the previous chapter, I have extended this model for tackling a
new situation, considering nine factors. These navigation models have been de-
veloped under a hypothesis that a walking pair has to consider nine factors related
to them before making a new step if they want to maximize their comfort. Techni-
cally, the pair tries to maximize a utility function of eight or nine variables, which are
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based on corresponding influencing factors. As a result, these navigation models
are capable of moving a robotic wheelchair alongside a caregiver, allowing both the
caregiver and the wheelchair user to maintain a comfort level similar to a normal
walking pair of people. However, both these models are limited to certain static
environments and do not take into account the presence of the pedestrian; they
lack a suitable method to pass a pedestrian.
In this chapter, I present an improved navigation model for side-by-side robotic
wheelchairs by incorporating Friendly Link factor, in order to overcome the above-
mentioned limitations. In addition, the authors suggest a method to predict the
next Preferred Walking Velocity of people. That helps the new model predict better
the next positions that all people in the scene intend to take, hence the side-by-
side robotic wheelchair can navigate alongside the caregiver as the caregiver’s
companion; the wheelchair is able to mimic the movements of a real human during
a walking session with his partner. This model is created based on data collected
by observing the behavior of walking pairs in a hallway. Using collected data,
the model was developed, calibrated and validated. Later, using a different data
set, the model was tested in order to verify its performance. This work has been
published in [77].
5.2 Data collection set up
The purpose of the data collection step was to understand human decisions in
side-by-side walking mode when crossing pedestrians. Particularly, I focused on
walking sessions of a caregiver and a disabled person or patient sitting in a robotic
wheelchair. In a walking session with a caregiver and a robotic wheelchair, nor-
mally we have a leader (the caregiver) and a follower (the robotic wheelchair) mov-
ing along with the leader. However, I believe that the wheelchair user will feel
more comfortable if he does not need to entirely depend on leader while walking.
In some circumstances, based on the observation of actions and reactions of the
leader and other people in the scene, the follower may actively propose and ex-
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ecute a plan, as humans normally do. Therefore, I set up a walking scenario in
which both members of the pair were treated as equal; they simply walked as a
pair, maintaining their relationship during the walk but one person didn’t need to
entirely depend on the other.
This data collection step needed to answer two questions: when a pair encoun-
ters a pedestrian, how does the passing process happen? Apart from the factors
that I know, what are other factors that affect this process?
5.2.1 Data collection
The scenario of the data collection involved a pair and a pedestrian walking around
in two parallel indoor corridors as illustrated in Figure 5-2. The width and length
of both corridors were 2.0m and 9.0m respectively. Along with the Gonzalez et
al. study [78] that considered only a 5.0m length for the passing procedure of two
people, I believe that this 9.0m length gave enough time and space to allow three
people to walk and cross each other in a natural manner.
Figure 5-2: Data collection: the walking environment settings
Here, LRs are the laser range finders with a maximum radius of 5 meters, set up
at 10Hz scanning speed. 𝑚 is a pedestrian moving inversely to the member 𝑖 and
his partner 𝑗. A and B mark the midpoints at each end of the corridors, and are the
starting point and the destination of the pairs respectively. In the opposite direction,
B and A are the starting point and the destination of the pedestrians respectively. In
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the setting, people knew in advance the final destinations of their walking sessions.
I employed the work of Leigh et al. [79] to record the trajectories of people in the
scene. In addition, I marked the ground with stickers and used two video cameras
to record the walking sessions. The data from LRs and video camera were used to
determine positions of people in the scene, in which the videos help to refine the
people’s positions in cases of doubt about the recorded data from the LRs. I also
observed people’s views of the pathway and of the other people in the scene. All
the data that could be used to identify people in the study was eliminated, hence
volunteers participated anonymously.
I set up the scenarios with moving rules for the walking sessions. In both cor-
ridors, both people 𝑖 and 𝑗 started walking from A at the same time and in the
same direction toward the same destination B. While walking, the pair was asked
to act as friends by starting a friendly conversation at the starting point before mov-
ing, and maintain their intimate relationship during the walking session. Also, both
members of the pair were asked to actively move in a natural way to bring comfort
to their partners and other pedestrians in the scene as humans normally do. By
arranging this setting, I simulated factual scenarios in which a caregiver escorts a
patient/disabled person to wander around or move from one location to another. In
the opposite direction, one person was asked to act as a pedestrian moving from B
to A. He started walking at the same time the pair started. Participants were asked
not to walk in a rush, but to consider their walking sessions as strolling around a
park or on a street.
Fourteen participants joined my study; their ages ranged from 45 to 65 with
the average age around 55, three were men and the others were women. All the
people lived in one residential area. They had no research relation to my project.
I randomly mixed them in groups following the above settings; each group had
one or two walking sessions in each corridor, then they swapped to form another
group. People were asked to obey the above moving rules, and all had their own
conversations during the walking sessions, without any prepared scripts.
After eliminating some walking sessions from the final results because they vi-
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Table 5.1: Data collection: the crossing sessions. Crossing modes refer to Figure 5-1
No Passing mode Quantity
1 a 15
2 b 11
3 c 0
4 d 0
5 e 1
olated the moving rules (some pairs didn’t try to maintain the relationship, or all the
people in the scene suddenly stopped in the pathway to start a new conversation
of three people, or two members of the pair didn’t start walking at the same time,
etc.), a total of 27 sets of crossing sessions were recorded, and are summarized
in Table 5.1. This data was used to establish a novel navigation model for the
side-by-side walking mode in crossing situations.
5.2.2 Trajectory standardization
To make it easier to analyze the data, I applied a standardization process for col-
lected trajectory sets as follows:
∙ I defined the time when the pedestrian crosses the first person of the pair as
the central point 𝐶 of each trajectory set 𝑇 . Each trajectory set 𝑇 is comprised
of three trajectories of three people in one corridor.
∙ From 𝐶, I moved forward each trajectory in 𝑇 for 1 second and discarded
the rest of them. Because I only focused on the passing procedure, and
after 𝐶 + 1Sec, the passing procedure was totally completed, I didn’t need to
analyze the parts after 𝐶 + 1Sec.
∙ From 𝐶, I moved backward each trajectory in 𝑇 for 𝑛 seconds, where 𝑛 is a
natural number, until I reached the starting point of that trajectory, or to a point
that I cannot move backward further. Yet, because I have three individual
trajectories in one set 𝑇 , thus with each 𝑇 , I may have more than one value
of 𝑛 corresponding to it. In those cases, I chose the smallest value of 𝑛. I
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kept all the trajectory parts from 𝐶 − 𝑛Sec to 𝐶 + 1Sec. All the the outside
portions of the trajectories were discarded from the trajectory data.
∙ Because the movements of each person in the upper corridor were in the
opposite direction to those in the lower corridor, I rotated all the trajectory
sets in the lower corridor by 180𝑜 so that all the pairs’moving directions (and
hence, all the pedestrians’moving directions) are the same.
5.2.3 Observation
Five passing stages
I analyze the collected data for understanding the passing behavior. In each walk-
ing session, it was seen that participants underwent five stages, from Stage 1 to
Stage 5, as illustrated in Figure 5-3. At Stage 1, people started walking. They
needed a few movements to reach a stable walking status, including their own ve-
locities, direction to the destination, and side-by-side formation (for the pair), etc.
When people entered Stage 2, they achieved a stable walking status. At this stage,
people moved directly to the destination. After continuing walking, people entered
Stage 3, called Transforming, in which they started finding a way to avoid colli-
sion with the moving obstacles. Stage 3 was completed when people completely
proposed a trajectory plan for passing the moving obstacles in front of them, and
then they entered Stage 4 - Passing. In this stage, people simply performed their
proposed trajectories to pass people in front. After passing, people entered Stage
5 - resuming their normal walking behavior to the destination.
In the above stages, I consider that Stage 3 has the major role in the passing
process. As illustrated in detail in Figure 5-4, Stage 3 starts happening when the
pedestrian starts diverting from his straight pathway to the destination to move
toward one side of the corridor (to the corridor’s wall).
When the pedestrian 𝑚 enters Stage 3, from time 𝑡 the pedestrian starts divert-
ing his trajectory from a straight line to the destination. As a result, the angle 𝛾𝑚𝑡
starts increasing from zero to a value higher than zero. Stage 3 is completed when
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Figure 5-3: Five passing stages observed in the study
the pedestrian starts redirecting his route directly to the destination, or from time
𝑡 + 𝑞 the angle 𝛾𝑚𝑡+𝑞 starts reducing to zero. Similarly, the same process happens
to the pair.
By analyzing the trajectory data, Stage 3 may start immediately after people
start walking or after a few steps, and then finish at the time people cross each
other, or one or two steps before that. To implement this process smoothly, all
the people had to observe others to consider the proposed trajectories that their
partners intended to process. In many cases, not all three people in the scene
started Stage 3 at the same time, but one person acted as a “starter”, meaning
that he was the first person who decided to make one, or several, movements that
deviated from his straight path to the destination.
The other people rapidly recognized his intention, accepted his decision, and
responded to his actions by starting rerouting, and then Stage 3 was initiated for
everyone. In some situations, when two or more people simultaneously acted
as a “starter” but quickly realized that their proposed walking plan may create a
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Figure 5-4: Stage 3 of the Passing procedure
conflict, e.g. these plans may lead to a collision or to a state that they wouldn’t
feel comfortable with, they abandoned their initial intention and then rerouted the
walking path.
In all these sessions, people were able to act quickly without the need of verbal
negotiation with their partners. Normally, Stage 3 didn’t stop at the same time for
all people. Some people rapidly moved toward to one side of the corridor and
completed Stage 3 but others walked gradually, following a diagonal path, and
Stage 3 was only completed at the crossing time. Through these observations,
I believe that the “starter” here can be anyone, i.e. the passing process can be
carried out smoothly regardless of who is the “starter”.
Because of random pairing, in some cases some participants were unfamiliar
with their partners. Nevertheless, their passing processes were smoothly exe-
cuted, i.e. people implicitly understood the pathway that the others would take.
Hence, I believe that these crossing behaviors are prevalent, not confined to a
particular group of people.
Friendly Link
In my observation, I noted another phenomenon. In most situations, people chose
the modes (a) and (b) for passing. There was no clear distinction between these
two modes. Not many people chose modes (c), (d) and (e). This statistical fact
demonstrated an invisible link between the two people in a pair, which was recog-
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nized by the pedestrian 𝑚, who as a human always tried to respect the relationship
of the pair, and avoid breaking that connection. When the pairs were asked to keep
a friendly relationship, aside from trying to maintain their side-by-side walking for-
mation, they themselves also tried to keep the links from being disrupted by a third
person. From this observation, I assume that when two people walk together in a
friendly manner, they should not be considered as two entities moving freely but
as a linked unit. The link between them is relatively tenacious and can be implicitly
realized and respected by everyone in the situation without it being expressed in
words. I call this connection Friendly Link (𝐹𝐿).
5.3 Modeling
My target was to create a navigation model for a robotic wheelchair that can move
alongside a caregiver in harmony, like humans in dynamic environments. This
model needed to collect parameters as humans do, and then create a decision for
its next position which can maximize the comfort for all people in the scene as well
as maintaining the optimal relationship for the pair. In addition, the model should
bring to wheelchair users a feeling of freedom in navigation, i.e. the feeling of a
normal, healthy person, not an invalid who totally relies on caregivers.
5.3.1 Setting assumptions
At this step, I assumed these conditions for the model:
∙ Two people are walking together as a pair, one is the leader and the other is
the follower.
∙ The starting point 𝐴 and the destination 𝐵 are known.
∙ The leader actively processes a trajectory to the destination. However his
leading role does not eliminate the active status of the follower, i.e. the fol-
lower needs to reason about his environment to propose an action or reac-
tion, not totally rely on the leader.
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∙ Both members of the pair try to maintain a friendly relationship while walking,
as a result the side-by-side walking formation is the preferred mode.
∙ While walking, the pair encounters a pedestrian moving in the opposite direc-
tion from 𝐵 to 𝐴.
∙ I assume that all people in the scene not only consider the best route to their
destinations but also respect the movements of the others.
Once the model was developed, the follower would be replaced by a robotic wheelchair
with a wheelchair user sitting in it. The new model should allow the robotic wheelchair
to take the wheelchair user to the destination as naturally as that user himself
walked.
5.3.2 Passing process hypothesis
Based on the setting above, I assumed that the passing process of a person 𝑠
(𝑠 = 𝑖, 𝑗,𝑚) undergoes the following steps:
∙ At time 𝑡, at Step (1), the person 𝑠 determines the past and current positions
and other information (velocity, acceleration, walking direction, etc.) corre-
sponding to movements of all the people, including himself, in the scene.
∙ At Step (2), the person 𝑠 does a scan on all the positions which he is able to
move to, called “feasible positions set”.
∙ With each position in his feasible positions set, he predicts all the next feasible
positions that other people are able to move to. Each set of all the people
𝑖, 𝑗,𝑚’s next positions forms a feasible moving plan P.
∙ At Step (3), person 𝑠 compares all the feasible moving plans P. The plan that
he believes can bring the most comfort to all the people in the scene is called
the optimum plan P*.
∙ At Step (4), the person 𝑠 processes his move to the new position in his feasi-
ble position set which forms P*. This step is finished at time 𝑡 + 1.
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∙ To continue the next movement for the time 𝑡 + 2, the person 𝑠 repeats from
Step (1) until he finishes the passing process.
5.3.3 Friendly Link factor
As discussed in the previous chapters, the movements of a pair are affected by
nine factors. These factors include distance to other pedestrians and obstacles
𝑂 [27], moving toward subgoals 𝑆 [28, 29], relative distance between two people
𝑅𝑑 [1], relative angle 𝑅𝛼 [30], relative velocity 𝑅𝑉 [31], relative vision 𝑅𝛽 between
two people in the pair [32, 33], moving acceleration 𝑀𝑎 [27, 34], moving velocity
𝑀𝑉 [35], and angular velocity 𝑀𝑤 [27]. When a pair walks together, both members
of the pair have a desire to keep all the above factors at the optimum values.
Similarly, with the exception of the desire to maintain the relative factors (because
he is moving alone), the pedestrian also has a desire to maintain the factors at the
optimum values.
From the data collection setting in Section 5.2.1, it can be seen if there is no
pedestrian in front of the pair, and there is no walking pair in front of the pedestrian,
there is no reason for them to suddenly change their moving directions, velocities,
or other factors; i.e. after achieving the optimum status in Stage 2, there is no
reason to explain the occurrence of Stage 3. However, with the arrival of the people
walking in the opposite direction, their trajectories are changed. It means that the
interaction between the pair and the pedestrian leads to the occurrence of Stage
3, i.e. there are some factors lead to this occurrence.
Of the nine factors above, one factor which may lead to the changing walking
direction of the pair is the desire to keep far away from obstacles, in which the
pedestrian himself is a moving obstacle. However, if people simply want to avoid
obstacles, then I cannot explain why their passing modes mostly converge to two
modes (a) and (b). I may also think that the pair wants to keep their relative vi-
sion factor, they may not feel comfortable when they cannot see each other if the
pedestrian disrupts them, therefore they want to change the walking direction to
avoid that. Yet, the pedestrian moves alone, i.e. he doesn’t need to protect the
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relative vision factor, therefore I still cannot explain the convergence of crossing
modes to the two modes (a) and (b).
As discussed in the previous section 5.2.3 about the existent of the 𝐹𝐿, I have
to consider that the convergence is driven by the 𝐹𝐿 factor, i.e. the 𝐹𝐿 factor has
an important role in passing.
I define several variables and their functions to represent the role and effect of
the 𝐹𝐿 factor in the crossing situation between a pedestrian and a pair as follows:
It can be seen that the 𝐹𝐿 is threatened to break if the pedestrian moves directly
toward the space in between the two members of the pair. This threat is inversely
proportional to the distance between the pair and the pedestrian. I illustrate this
problem in Figure 5-5.
Figure 5-5: Friendly Link factor
Variables and notations used in Figure 5-5 are introduced in the following:
∙ 𝑝𝑚𝑡 and 𝑝𝑚𝑡+1 are respectively the current position at time 𝑡 and proposed posi-
tion at time 𝑡+ 1 of the pedestrian 𝑚. Similarly, (𝑝𝑖𝑡, 𝑝
𝑗
𝑡 ) and (𝑝𝑖𝑡+1,𝑝
𝑗
𝑡+1) are the
respective current positions at time 𝑡 and proposed positions at time 𝑡 + 1 of
the agent 𝑖 and the agent 𝑗.
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∙ 𝜇𝑡 is the midpoint of the straight line between two points 𝑝𝑖𝑡 and 𝑝𝑗𝑡 ; 𝜇𝑡+1 is the
midpoint of the straight line between two points 𝑝𝑖𝑡+1 and 𝑝
𝑗
𝑡+1.
∙ 𝜉𝑡 is the distance between 𝑝𝑚𝑡 and 𝜇𝑡; 𝜉𝑡 is the distance between 𝑝𝑚𝑡 and 𝜇𝑡+1
∙ 𝑧𝑖 and 𝑧𝑗 are the parts of the Euclidean plane covered by two angles 𝛼𝑖 and
𝛼𝑗 respectively. Their values depends on the moving directions of the pair
and the pedestrian. 𝑧1 is the rest of the Euclidean plane after subtracting 𝑧𝑖
and 𝑧𝑗.
𝑧𝑖 =
⎧⎪⎨⎪⎩𝐴𝑎𝑛𝑔(𝛼
𝑖
𝑡+1) if 𝜉𝑡+1 < 𝜉𝑡
𝐴𝑎𝑛𝑔(𝛼
𝑖
𝑡+1)− 𝐴𝑡𝑟𝑖(𝑝𝑖𝑡+1, 𝜇𝑡+1, 𝑝𝑚𝑡 ) if 𝜉𝑡+1 >= 𝜉𝑡
(5.1)
𝑧𝑗 =
⎧⎪⎨⎪⎩𝐴𝑎𝑛𝑔(𝛼
𝑗
𝑡+1) if 𝜉𝑡+1 < 𝜉𝑡
𝐴𝑎𝑛𝑔(𝛼
𝑗
𝑡+1)− 𝐴𝑡𝑟𝑖(𝑝𝑗𝑡+1, 𝜇𝑡+1, 𝑝𝑚𝑡 ) if 𝜉𝑡+1 >= 𝜉𝑡
(5.2)
𝑧1 = 𝐴𝐸𝑃 − 𝑧𝑖 − 𝑧𝑗 (5.3)
𝛼𝑚 = 𝑎𝑛𝑔𝑙𝑒(
−−−−→
𝑝𝑚𝑡 𝑝
𝑚
𝑡+1,
−−−−→
𝑝𝑚𝑡 𝜇𝑡+1) (5.4)
𝛼𝑖 = 𝑎𝑛𝑔𝑙𝑒(
−−−−→
𝑝𝑚𝑡 𝑝
𝑖
𝑡+1,
−−−−→
𝑝𝑚𝑡 𝜇𝑡+1) (5.5)
𝛼𝑗 = 𝑎𝑛𝑔𝑙𝑒(
−−−−→
𝑝𝑚𝑡 𝑝
𝑗
𝑡+1,
−−−−→
𝑝𝑚𝑡 𝜇𝑡+1) (5.6)
𝜉𝑡 = 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑝
𝑚
𝑡 , 𝜇𝑡) (5.7)
𝜉𝑡+1 = 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒(𝑝
𝑚
𝑡 , 𝜇𝑡+1) (5.8)
Here, 𝐴𝑎𝑛𝑔 is a part of the Euclidean-plane area, determined by the inside area
covered by an angle variable 𝛼. 𝐴𝑡𝑟𝑖 is the inside area of the triangle determined
by three vertices (𝑝𝑠, 𝜇, 𝑝𝑚 where 𝑠 = 𝑖, 𝑗). 𝐴𝐸𝑃 is the entire Euclidean-plane area.
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I define an incidence variable 𝜃 as follows:
𝜃𝑡+1 =
⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎩
𝛿 + (𝛼
𝑖−𝛼𝑚)
𝛼𝑖
if 𝑝𝑚𝑡+1 ∈ 𝑧𝑖
𝛿 + (𝛼
𝑗−𝛼𝑚)
𝛼𝑗
if 𝑝𝑚𝑡+1 ∈ 𝑧𝑗
0 if 𝑝𝑚𝑡+1 ∈ 𝑧1
𝛿 + 1 if 𝛼𝑚𝑡+1 = 0
(5.9)
Here, 𝛿 is an adjustment coefficient, it is a constant.
As can be seen from this definition, if the pedestrian 𝑚 walks directly to the
midpoint of two people in the pair, 𝜃 will get the maximum value 𝛿 + 1. If the
pedestrian 𝑚 walks directly to the leader or the follower, 𝜃 will get the value 𝛿. If
𝑚 is moving far away from the pair, or following them at a relatively far distance in
which his next step will not interfere with the pair, then 𝜃 will get the minimum value
0. In other cases, if the pedestrian 𝑚 walks toward the pair, 𝜃 will get a value in
between 𝛿 and 𝛿 + 1.
If we define a Friendly Link utility that describes the desire to maintain 𝐹𝐿, as
𝑓𝑃 , in which 𝑓𝑃 will get the maximum value if no threat to 𝐹𝐿 is existent, and 𝑓𝑃 will
get the minimum value if the threat to 𝐹𝐿 is greatest, then we have:
𝑓𝑃 (𝜉, 𝜃) =
⎧⎪⎨⎪⎩𝑓(𝜉, 𝜃) if 𝑝
𝑚
𝑡+1 ∈ 𝑧𝑖 ∪ 𝑧𝑗
𝑎𝑟𝑔𝑚𝑎𝑥(𝑓𝑃 ) if 𝑝𝑚𝑡+1 ∈ 𝑧1
(5.10)
5.3.4 Moving utility of one member in the pair
From the model presented in Chapter 4, a utility function 𝑈 for the pair in a walking
session had been developed. Yet, a moving pedestrian is not included in the pre-
vious studies. Therefore, in the work presented in this chapter, I take another step
forward by proposing a further improved utility 𝑈 considering moving a pedestrian.
Assume that 𝑖 is one member of the pair (any member) positioned at position
𝑝𝑖, then the member 𝑖 will have a utility of 𝑈 𝑖 toward his partner positioned at 𝑝𝑗
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and a moving pedestrian positioned at 𝑝𝑚 as follows:
𝑈 𝑖(𝑝𝑖|𝑝𝑗, 𝑝𝑚) = 𝑘𝑖𝑂𝑓 𝑖𝑂 + 𝑘𝑖𝑆𝑓 𝑖𝑆 + 𝑘𝑖𝑅𝑑𝑓 𝑖𝑗𝑅𝑑 + 𝑘𝑖𝑅𝛼𝑓 𝑖𝑗𝑅𝛼
+ 𝑘𝑖𝑅𝑉 𝑓
𝑖𝑗
𝑅𝑉
+ 𝑘𝑖𝑅𝛽𝑓
𝑖𝑗
𝑅𝛽
+ 𝑘𝑖𝑀𝑎𝑓
𝑖
𝑀𝑎 + 𝑘
𝑖
𝑀𝑉
𝑓 𝑖𝑀𝑉 + 𝑘
𝑖
𝑀𝑤𝑓
𝑖
𝑀𝑤 + 𝑘
𝑖𝑗𝑚
𝑃 𝑓
𝑖𝑗𝑚
𝑃 (5.11)
In this equation, the function 𝑓𝑃 (Eq. 5.10) described in Section 5.3.3 is added.
𝑘 values are the weight constants of each individual utility. When two people walk
together as a pair, they normally try to optimize these ten factors by maximizing cor-
responding individual utility functions. When a factor reaches the optimum value,
the corresponding function 𝑓 will reach the maximum value. In some cases it may
not be possible to maximize all individual utility functions. In such cases, they nor-
mally try to reach the best state they can. i.e. the overall function 𝑈 is maximized
for the given situation. In other words, before making a new step, both members 𝑖
and 𝑗 will try to select the next position that can maximize the value of their utilities
𝑈 𝑖 and 𝑈 𝑗.
5.3.5 Moving utility of the pedestrian
The overall utility of a member in the pair given by Eq. 5.11 is the combination of
personal utilities considering the relationship between the two members in the pair.
Similarly, the utility of the pedestrian towards the pair can be calculated. However,
only some of the factors out of the 10 factors mentioned in Eq. 5.11 are relevant in
the case of a pedestrian moving towards the pair.
𝑈𝑚(𝑝𝑚|𝑝𝑖, 𝑝𝑗) = 𝑘𝑚𝑂 𝑓𝑚𝑂 + 𝑘𝑚𝑆 𝑓𝑚𝑆 + 𝑘𝑚𝑀𝑎𝑓𝑚𝑀𝑎 + 𝑘𝑚𝑀𝑉 𝑓𝑚𝑀𝑉 + 𝑘𝑚𝑀𝑤𝑓𝑚𝑀𝑤 + 𝑘𝑚𝑖𝑗𝑃 𝑓𝑚𝑖𝑗𝑃 (5.12)
Similarly to members of the pair, before making a new step the pedestrian will
try select a next position that can maximize the value of the utility 𝑈𝑚.
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5.3.6 Moving utility of the scene
I assume that everyone in the scene not only try to maximize their personal utilities
at each step but also try to respect the others by cooperating with them to maximize
their utilities. Otherwise, their behavior would not be socially acceptable. Thus,
everyone in the scene contributes towards the quality of the environment. This can
be incorporated into another utility called “scene utility”.
Assume that, at time 𝑡, the positions of the two members 𝑖 and 𝑗 of the pair, and
the pedestrian 𝑚 in the environment are represented by the set P𝑡 = {𝑝𝑖𝑡, 𝑝𝑗𝑡 , 𝑝𝑚𝑡 }.
P𝑡+1 = {𝑝𝑖𝑡+1, 𝑝𝑗𝑡+1, 𝑝𝑚𝑡+1} is one positions set among all feasible positions sets that
they can move to. Then, at time 𝑡, the overall utility of the scene for the next step is
calculated as follows:
Ψ𝑡+1(P𝑡+1) = 𝑈
𝑖
𝑡+1 + 𝑈
𝑗
𝑡+1 + 𝑈
𝑚
𝑡+1 (5.13)
The new positions set P*𝑡+1 is most likely to be chosen if:
Ψ𝑡+1(P
*
𝑡+1) = 𝑎𝑟𝑔𝑚𝑎𝑥(Ψ𝑡+1) (5.14)
5.3.7 Modelling Friendly Link utility
By considering the role of the 𝐹𝐿 factor, the passing process should be tackled by
people as follows:
∙ All people in the scene continuously collect information relating to ten factors
(nine traditional factors plus the 𝐹𝐿 factor) to calculate the answer for utility
Ψ (Eq. 5.13) for determining the next best positions P* that they should take.
∙ At time 𝑡, a person 𝑠 (𝑠 = 𝑖, 𝑗,𝑚) considers that his personal utility will be
rapidly decreased if he continues walking in the same direction as in the
past. As discussed above, one of the main reasons that leads to this thought
is the desire to protect 𝐹𝐿, i.e. to maintain the value of 𝑓𝑃 . Simultaneously,
he may also judge that utilities of related people walking in his pathway are
being reduced. As a result, this leads to the down-trend of Ψ. Subsequently,
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the person 𝑠 tries to maintain Ψ by starting changing his trajectory to a new
direction. In this situation, 𝑠 is the “starter”. At the time 𝑡, all the others
in the scene may not simultaneously have the same feeling as person 𝑠,
i.e. in their viewpoint, the value of Ψ may remain unchanged if they keep
moving in the same direction as in the past. However, at time 𝑡 + 1, after
the person 𝑠 processes his new direction, the equilibrium of the past state is
changed. Afterwards, all people start recomputing Ψ following new changes.
Finally, all the others process new reactions to adapt these impacts. When
all the reactions of the people in the scene lead to a new equilibrium, a new
trajectories set is determined to prepare for passing process - Stage 3 is
started for all people in the scene.
Based on characteristics of Stage 3 and the reasoning above, the Friendly Link
utility should have the following characteristics:
∙ In a far distance between the pair and the pedestrian, i.e. 𝜉 gets high values,
this utility should not greatly affect the overall utility of each person. This can
be seen from the real world scenarios, when people are far from each other,
e.g. 100 meters, they prefer to walk directly to the destination rather than
considering a detour, i.e. Stage 3 should not happen too soon. Thus, in this
condition, the value of 𝑓𝑃 should be approximately maximum.
∙ When people come close enough, i.e. when 𝜉 is small and 𝜃 is large, the
value of this utility should be rapidly decreased, reflected in the relatively
short lifetime of Stage 3.
Based on these characteristics, I modeled the utility 𝑓𝑃 as a step function as fol-
lows:
𝑓 𝑠𝑃 = −𝜃 * |(
𝜉
𝑎
)−2𝑏| (𝑠 = 𝑖, 𝑗,𝑚) (5.15)
where 𝑎 and 𝑏 are coefficients. In this equation, I set the maximum value of 𝑓𝑃
to zero to coordinate with other utilities in Eq. 5.11 and 5.12.
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5.3.8 Implementing the passing process in the robotic wheelchair
Based on the discussion on the passing process of humans in Section 5.3.7, it
can be seen that each person may estimate different values of 𝑓𝑃 (and even other
individual utilities) in each circumstance. For this reason, the time that Stage 3
occurs is not fixed and the person who is the “starter” can be anyone. However,
the passing process can still be performed smoothly without any problem.
Therefore, I implement the utility Eq. 5.11 on the robotic wheelchair as follows:
∙ Because the robot is the follower, I put the priority to initialize the passing
process on the leader and the pedestrian. If the leader or the pedestrian
starts Stage 3, the robot simply adapts to the change.
∙ If the leader and the pedestrian keep walking, and don’t start Stage 3 at a
given threshold, the robot will initiate the process and act as the “starter”. The
threshold is just enough for the robot and all people to perform the necessary
maneuvers to successfully start and complete Stage 3. All co-efficients need
to be adjusted to ensure that Stage 3 can happen at this threshold.
Because the values of these coefficients are not known in advance, they need to
be estimated. The next section will describe the Parameter calibration.
5.3.9 Sub-goal estimation
Another important factor contributing to the smooth crossing process is the ability
to predict the sub-goals, which are the positions that people intend to take when
they pass each other. Figure 5-6 illustrates these sub-goals. By predicting the sub-
goals of others in passing, people can prepare their trajectories for smooth passing
and for avoiding conflicts. Hence, if the robot knows in advance the sub-goals of
people in passing, its motions can be more natural and bring more comfort to the
people in the scene.
First, I analyzed the positions of all three people at passing time 𝐶 for determin-
ing their potential sub-goals. The statistical data is illustrated in Figures 5-7 and
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Figure 5-6: Sub-goal illustration: positions of people at passing time
5-8. In Figure 5-7, the x-axis shows the positions of the pedestrian along the width
of the corridor; those positions are considered sub-goals that the pedestrian wants
to pass to before reaching their destination. The y-axis represents the number
of times these sub-goals occur, i.e. the frequency of these sub-goals. Similarly,
Figure 5-8 shows the sub-goals of midpoint 𝜇 of the pair and their frequency.
From this statistical data, positions of 𝜇 and the pedestrian tend to converge
to some specific locations in the corridor, hence I can use these locations as the
sub-goals for them through the following procedure:
∙ The pedestrian may have two sub-goals: 𝑆𝑚𝑙𝑒𝑓𝑡 and 𝑆𝑚𝑟𝑖𝑔ℎ𝑡, in which 𝑆𝑚𝑙𝑒𝑓𝑡 is the
midpoint of the left side of the corridor, and 𝑆𝑚𝑟𝑖𝑔ℎ𝑡 is the midpoint of the right
side of the corridor.
∙ Similarly, the pair may have two sub-goals: 𝑆𝑝𝑙𝑒𝑓𝑡 and 𝑆𝑝𝑟𝑖𝑔ℎ𝑡, in which 𝑆𝑝𝑙𝑒𝑓𝑡 is
the midpoint of the left side of the corridor, and 𝑆𝑝𝑟𝑖𝑔ℎ𝑡 is the midpoint of the
right side of the corridor.
These sub-goals are illustrated in Figure 5-9. There may be a slight difference
between the sub-goal’s positions in the above definition and the statistical data.
However, the corridor is pretty narrow and my main purpose is to anticipate whether
the pair and the pedestrian want to go to the left or to the right of the corridor,
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Figure 5-7: Positions of the pedestrian at passing time
Figure 5-8: Positions of the midpoint 𝜇 of the pair at passing time
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therefore the exact sub-goal positions are not important.
Because in most cases, people prefer passing modes (a) and (b), I can as-
sume that the sub-goals of the pair and the pedestrian are different in one passing
situation. Therefore if the sub-goal detection process determines that:
∙ (1) if 𝑆𝑝 ≡ 𝑆𝑝𝑟𝑖𝑔ℎ𝑡 and 𝑆𝑚 ≡ 𝑆𝑚𝑙𝑒𝑓𝑡: the robot will set its sub-goal to 𝑆𝑟𝑜𝑏𝑜𝑡 ≡ 𝑆𝑝𝑟𝑖𝑔ℎ𝑡.
∙ (2) if 𝑆𝑝 ≡ 𝑆𝑝𝑙𝑒𝑓𝑡 and 𝑆𝑚 ≡ 𝑆𝑚𝑟𝑖𝑔ℎ𝑡: the robot will set its sub-goal to 𝑆𝑟𝑜𝑏𝑜𝑡 ≡ 𝑆𝑝𝑙𝑒𝑓𝑡.
∙ (3) if (𝑆𝑝 ≡ 𝑆𝑝𝑙𝑒𝑓𝑡 and 𝑆𝑚 ≡ 𝑆𝑚𝑙𝑒𝑓𝑡) or (𝑆𝑝 ≡ 𝑆𝑝𝑟𝑖𝑔ℎ𝑡 and 𝑆𝑚 ≡ 𝑆𝑚𝑟𝑖𝑔ℎ𝑡): these are
atypical situations in which the pedestrian will move in between two mem-
bers of the pair, thus the robot should wait for the next detection loop to re-
determine the sub-goals until situation (1) or (2) is detected, or until Friendly
Link utility 𝑓𝑃 affects the overall utility at a threshold that situation (1) or (2)
happens, depending on whichever comes first. During this waiting period, the
robot keeps the final destinations of all the people as their sub-goals.
To determine the sub-goals of the pair and the pedestrian, I developed the idea
proposed in Murakami et al.’s study [75] for detecting sub-goals in the new setting
showing in Figure 5-9 as follows:
𝑆𝑚 = 𝑎𝑟𝑔𝑚𝑖𝑛{𝑆𝑚𝑔 |𝑆𝑚𝑣𝑖𝑠𝑖𝑏𝑙𝑒}{𝛾𝑚𝑔 } (5.16)
𝛾𝑚𝑔 = 𝑎𝑛𝑔𝑙𝑒(
−−−−→
𝑝𝑚𝑡−1𝑝
𝑚
𝑡 ,
−−−−→
𝑝𝑚𝑡−1𝑆
𝑚
𝑔 ) (5.17)
𝑆𝑃 = 𝑎𝑟𝑔𝑚𝑖𝑛{𝑆𝑃𝑔 |𝑆𝑃𝑣𝑖𝑠𝑖𝑏𝑙𝑒}{𝛾
𝑃
𝑔 } (5.18)
𝛾𝑃𝑔 = 𝑎𝑛𝑔𝑙𝑒(
−−−−−−−−→
𝑝𝑙𝑒𝑎𝑑𝑒𝑟𝑡−1 𝑝
𝑙𝑒𝑎𝑑𝑒𝑟
𝑡 ,
−−−−−→
𝑝𝑙𝑒𝑎𝑑𝑒𝑟𝑡−1 𝑆
𝑃
𝑔 ) (5.19)
where 𝑔 = (𝑙𝑒𝑓𝑡, 𝑟𝑖𝑔ℎ𝑡), 𝑆𝑣𝑖𝑠𝑖𝑏𝑙𝑒 = {𝑆𝑙𝑒𝑓𝑡, 𝑆𝑟𝑖𝑔ℎ𝑡}. 𝑙𝑒𝑎𝑑𝑒𝑟 is the caregiver, as I set
the priority of the caregiver higher than the robot. In this situation, if agent 𝑖 is the
𝑙𝑒𝑎𝑑𝑒𝑟, then agent 𝑗 is the robot and vice versa.
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Figure 5-9: Sub-goal detection in passing
5.3.10 Preferred walking velocity
From the modelled function of the utility 𝑓𝑀𝑣 , this utility will reach the maximum
value when 𝑀𝑣 = 𝑐𝑀𝑣 . In Morales et al.’s study [12], the coefficient 𝑐𝑀𝑣 is de-
termined as the average value of the statistical walking velocities. Morales et al.
assume that people always prefer to walk at the velocity 𝑀𝑣 = 𝑐𝑀𝑣 at any time in
any walking session.
In my data, the average value of the walking velocity 𝑀𝑣 of the pedestrians
and the pairs is 𝑐𝑀𝑣 = 0.79𝑚/𝑠; lower than the average velocity in Morales et al.’s
study [12] (𝑐𝑀𝑣 = 1.10𝑚/𝑠). The high average age, low average height, purpose of
the participants’ walk (strolling) may lead to this change. Yet, in real world scenar-
ios, walking velocities of pedestrians are affected by many other reasons as well,
e.g. if pairs focus more on their conversations, their walking velocities tend to be
slower. Even when a person wanders alone, if he suddenly directs his attention
to something on the pathway, his walking velocity also may also increase or de-
crease. Therefore, it is not reasonable to assume that all people prefer to walk
at a constant velocity 𝑐𝑀𝑣 , even if that velocity is the average value of all the ob-
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served walking velocities. Sviestins et al.’s study [43] has addressed this issue and
proposed a solution to predict the next preferred walking velocity of a pair. How-
ever the method is not fully developed and has not considered all the situations as
discussed above. Therefore in this study I proposed the following solution:
I employ an n-gram model with 𝑛 = 2, ∆𝑡 = 1𝑠 to analyze the data and compare
the actual walking velocity of people at time 𝑡 + ∆𝑡 (i.e. 𝑡 + 1) with the following
equation:
𝑐𝑀𝑣𝑡+1 =
𝑀𝑣𝑡−1 + 𝑀𝑣𝑡
2
(5.20)
The result indicated that, with an error threshold of 10%, the value of 𝑐𝑀𝑣𝑡+1
in Eq. 5.20 and the real walking velocity 𝑀𝑣 matched in over 81% of samples.
Whereas the value of 𝑀𝑣 in the real walking velocity and the constant value 𝑐𝑀𝑣
matched in less than 75% of samples.
Hence, I used Eq. 5.20 to compute the value of 𝑐𝑀𝑣 at time 𝑡+1 instead of using
a constant value of 𝑐𝑀𝑣 , i.e. the coefficient 𝑐𝑀𝑣 of the utility 𝑓𝑀𝑣 is continuously
updated during a walking session. Thus, at time 𝑡 + 1, 𝑓𝑀𝑣 reaches its maximum if
𝑀𝑣 = 𝑐𝑀𝑣𝑡+1 .
5.3.11 Standard navigation model
For the purpose of verifying the effectiveness of the new model and the current
models for side-by-side walking robotic wheelchairs, I employed the Morales et
al.’s model [12], which I believe is one of the state-of-the-art navigation models
for side-by-side robotic wheelchairs. However, because this model was developed
only for static environments with static obstacles, I slightly modified the model,
adding a pedestrian, as follows:
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Walking utility of the agent 𝑖 in the pair:
𝑈 𝑖𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑(𝑝
𝑖|𝑝𝑗) = 𝑘𝑖𝑂𝑓 𝑖𝑂 + 𝑘𝑖𝑆𝑓 𝑖𝑆 + 𝑘𝑖𝑅𝑑𝑓 𝑖𝑗𝑅𝑑 + 𝑘𝑖𝑅𝛼𝑓 𝑖𝑗𝑅𝛼
+ 𝑘𝑖𝑅𝑉 𝑓
𝑖𝑗
𝑅𝑉
+ 𝑘𝑖𝑀𝑎𝑓
𝑖
𝑀𝑎 + 𝑘
𝑖
𝑀𝑉
𝑓 𝑖𝑀𝑉 + 𝑘
𝑖
𝑀𝑤𝑓
𝑖
𝑀𝑤 (5.21)
Walking utility of the pedestrian:
𝑈𝑚𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑(𝑝
𝑚) = 𝑘𝑚𝑂 𝑓
𝑚
𝑂 + 𝑘
𝑚
𝑆 𝑓
𝑚
𝑆 + 𝑘
𝑚
𝑀𝑎𝑓
𝑚
𝑀𝑎
+ 𝑘𝑚𝑀𝑉 𝑓
𝑚
𝑀𝑉
+ 𝑘𝑚𝑀𝑤𝑓
𝑚
𝑀𝑤 (5.22)
The formula of overall walking utility Ψ of the entire environment is as follows:
Ψ𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 = 𝑈
𝑖(𝑝𝑖|𝑝𝑗) + 𝑈 𝑗(𝑝𝑗|𝑝𝑖) + 𝑈𝑚(𝑝𝑚) (5.23)
5.4 Parameter calibration and Performance evalua-
tion
5.4.1 Parameter calibration
The coefficients needed to be calibrated in order to have a working model; I set up
the following steps:
1. I used the trajectory data for calibrating the new model. After eliminating
the walking sessions that didn’t follow modes (a) and (b) because they were
atypical, 26 crossing sessions, or 26 trajectory sets, remained.
2. A simulator was developed for calibrating coefficients. A grid was applied to
the navigation environment with cell dimensions of 20x20cm.
3. I replaced one member of the pair with my simulated agent, which represents
my robotic wheelchair. Because the pair has two members, I ran two rounds;
on the first round, the agent 𝑖 was replaced by the robot, then on the second
round, the agent 𝑗 was replaced by the robot. By doing this, the role of the
robot was treated as equal to its partner.
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4. I set the simulation step with ∆𝑡 = 1 second. At time 𝑡, by applying Eq. 5.13
for the new model and Eq. 5.23 for standard model, the simulator needed
to estimate the positions of the follower in the scene at time 𝑡 + 1. I defined
𝑆𝐶𝑠𝑡+1 as a point on the line stretching between two points 𝑝𝑠𝑡−1 and 𝑝𝑠𝑡 with
𝑠 = (𝑖, 𝑗,𝑚) toward the destinations. The distance between 𝑆𝐶𝑠𝑡+1 and 𝑝𝑠𝑡 was
a length determined by the velocity 𝑀𝑣 in Eq. 5.20 multiplied by ∆𝑡. To find
the value of 𝑈 in Eqs. 5.13 and 5.23 at time 𝑡 + 1, the simulator scanned a
region of 5x5 cells around 𝑆𝐶𝑠𝑡+1, as illustrated in Figure 5-10.
I skipped the first step because the overall utility Eqs. 5.13 and 5.23 need
information from previous steps for calculating. Also, at the second step,
because I did not have enough data on the two previous steps for the input
of Eq. 5.20, hence I set 𝑐𝑀𝑣𝑡+1 = 𝑐𝑀𝑣 .
5. Initially, all the coefficient values found by previous studies [12,33] were kept.
6. With 𝑓𝑃 , at the beginning I set 𝜃 = 𝛿 + 1. The coefficients 𝑎, 𝑏 and the weight
constant 𝑘 needed to be determined in order for 𝑓𝑃 to start changing rapidly
when 𝜉 = 5, i.e. the robot should actively start Stage 3 if the distance from
the pair to the pedestrian 𝑚 is less than 5 meters in a condition that the
pedestrian 𝑚 keeps walking directly to 𝜇. Thus, I started with 𝑎 = 20, 𝑏 = 0.4,
and 𝑘 = 1.
7. At time 𝑡, after the values of Ψ in Eq. 5.13 and Ψ𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 in Eq. 5.23 are
found, the new position at time 𝑡 + 1 for the simulated follower is determined.
Then, the follower moves to the newly determined position. The leader and
the pedestrian don’t move to the new positions determined by the model, but
move to their real positions recorded in the data corresponding to the time
𝑡 + 1. By simulating that way, the robotic wheelchair always had to use the
real positions of the leader and the pedestrian to calculate its next step. All
calculations for the step 𝑡 + 1 is finished here.
8. The model continues calculating the position of the simulated follower at time
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Table 5.2: Determined coefficients for the navigation model
Parameters 𝑎 𝑏 𝑐 𝑘𝑙, 𝑘𝑓 𝑘𝑚
𝑓𝑅𝑑 : Social relative distance (𝑚) 0.25 2.00 0.75 0.1 -
𝑓𝑅𝑎 : Relative angle (𝑟𝑎𝑑) 0.08 3.00 𝜋/2 0.3 -
𝑓𝑅𝑣 : Relative velocity (𝑚/𝑠) 0.20 1.20 0.00 0.01 -
𝑓𝑂 : Distance to Obstacles (𝑚) 20.0 0.40 - 0.02 0.04
𝑓𝑆 : Angle to sub-goal (𝑟𝑎𝑑) 0.45 1.00 0.00 0.3 2.5
𝑓𝑀𝑣 : Velocity (𝑚/𝑠) 0.30 1.60 0.79 0.05 0.5
𝑓𝑀𝑤 : Angular velocity (𝑟𝑎𝑑/𝑠) 0.70 4.40 0.00 0.01 0.5
𝑓𝑀𝑎 : Acceleration (𝑚/𝑠
2) 0.20 1.00 0.00 0.01 0.01
𝑓𝑅𝛽 : Vision (%) 0.3 2.00 1.00 1.5 -
𝑓𝑃 : Friendly Link 10 0.4 - 0.05 0.1
𝑡 + 2 and so on.
Figure 5-10: Anticipation grid in the simulator
I adjusted the coefficients so that trajectories of the follower built by the models
were as close as possible to the real trajectories in the recorded data. At each step
𝑡, I measured the distance Λ between the simulated agent position and the real
agent position in the recorded data. I employed my new model with the sub-goal
detection and the preferred velocity estimation (Eq. 5.20), whereas the Standard
navigation model is employed with the sub-goal detection only.
The new coefficient values are listed in Table 5.2. Most values of coefficients
from previous studies were kept, though some values of 𝑘 were changed (bold
values). In addition, I set 𝛿 = 0.3.
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5.4.2 Performance verification
The one-way repeated-measure analysis of variance (ANOVA) was employed to
evaluate performance of the new model by comparing the distance errors Λ be-
tween my new model and the Standard navigation model.
In the first step, the performance was tested by using the data collected in
Section 5.2.1, I called this testing data set A. The result F=13.13, P=0.00042 was
found, showing a significant difference between the two models. With my new
model, the Mean was 0.158 meters, Standard Deviation was 0.085, whereas with
the Standard model, the Mean was 0.248 meters and Standard Deviation was
0.179. These values are illustrated in Figure 5-11.
Figure 5-11: Testing on the data set A: The values of Λ in the y-axis represent the
distance errors in meters between the positions proposed by the simulated follower
and the real follower’s positions.
However, because the testing data set A is also used to calibrate the coeffi-
cients of the model function, an over-fitting problem may occur. Therefore, in the
second step, I carried out a new study following the same procedure of the first
study, described in Section 5.2.1, to collect new, independent data to verify the
performance of the new model.
This time, eight volunteers participated in the study, two women and six men,
their ages ranging from around 20 to over 40. I didn’t ask their ages, but estimated
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their average age to be around 30. All the participants were lecturers or students,
however they had no research relationship to my study. All the steps described
previously to collect data were repeated, although I took notes to eliminate some
atypical walking sessions instead of using a video camera. Participants were asked
to pretend that they were strolling around a mall and therefore should not walk as
they were late for work. I also applied some filter steps as described in section
5.2.1. For example, one participant suddenly told the other participants that they
wanted to walk in a particular way, and that attitude have affected the natural walk-
ing behaviors of all the people in the scene, therefore that walking session was
eliminated. In addition, only the walking modes (a) and (b) were kept. The Tra-
jectory standardization step in section 5.2.2 was also applied. Finally, 50 crossing
sessions remained; I call this testing data set B. The average velocity of this data
set 𝑐𝑀𝑣 = 0.74 is determined.
Data set B was then sent to the simulator to test the distance errors. The result
F=20.78, P=5.93E-06 was found, proving that the two models were significantly
different. With my new model, the Mean was 0.296 meters, Standard Deviation
was 0.170, whereas with the Standard model, the Mean was 0.356 meters and
Standard Deviation was 0.206. The results are illustrated in Figure 5-12.
As can be seen from the results achieved from both testing steps, the perfor-
mance of my new model was significantly better than the previous model.
5.5 Summary
This chapter presented a novel navigation model for side-by-side robotic wheelchairs
for optimizing the social relationship and the comfort of the involved parties in a
crossing situation; i.e. the wheelchair user, caregiver and a third-party pedes-
trian. Based on my observations, I propose a navigation solution considering
human factors in a friendly side-by-side walking session. By applying my model
with calibrated parameters, the robot has a better mechanism to generate a reli-
able and reasonable decision to optimize benefits for both wheelchair users and
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Figure 5-12: Testing on the data set B: The values of Λ in the y-axis represent the
distance errors in meters between the positions proposed by the simulated follower
and the real follower’s positions.
the caregiver in a crossing situation with a human; i.e the robot is able to mimic
the decision-making process of humans, tackling the limitations of navigation func-
tions in previous studies. Although this study is conducted in a straightforward
environment which has only one pedestrian, I believe that this model can be ap-
plied to more complex environments where the pair has to encounter more than
one pedestrian.
On the other hand, this model still has some limitations that need to be devel-
oped further. The model was developed based on an assumption that the destina-
tions of all the people in the scenes were known. However, in real scenarios, the
robot might encounter dynamic environments where the destinations of the pair
and the pedestrians are uncertain. In those circumstances, more factors might
need to be combined into this navigation model to let the robot understand the fu-
ture actions and reactions of the caregiver, the pedestrian and surrounding people.
117
Chapter 6
Conclusion and Future Work
The aim of this study is to improve the navigation functions for side-by-side robotic
wheelchairs in some common real-world scenarios so that the robotic wheelchairs
are able to move as naturally as humans in crowded environments. This will en-
able them to bring more comfort to the wheelchair users, the caregivers, and sur-
rounding people. By bringing this comfort for all the people involved, autonomous
side-by-side robotic wheelchairs will become increasingly accepted by humans in
daily activities.
Some major issues have been addressed, including:
∙ The limitations of the solutions proposed by previous works with regards to
static environments and dynamic environments. When a walking pair con-
fronts a static obstacle in the pathway, or when they come across a pedes-
trian walking in the opposite direction in the pathway, the previous research
does not have a mechanism to propose natural passing plans as humans
normally do.
∙ Some important factors affecting the pairs and the pedestrians are ignored
or not fully incorporated in the previous models. Consequently, the previous
models are not able to generate a human natural moving plan in some given
common situations.
In chapter 4, through my observations and user studies, I suggested that, in
some common situations, the natural moving plans of humans in passing obsta-
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cles converged into two particular modes: Side-by-side and Active mode. These
convergences depended on the size of the obstacles. Based on that I introduced a
method to mimic these passing behaviors by incorporating Vision factor. The new
model can generate a decision to pass an obstacle in a similar way to how humans
normally do.
In chapter 5, another common situation is noted through my observations and
user studies. Normally, when a friendly pair comes across a pedestrian, they do
not simply pass each other with a random plan but choose some particular plans
to execute. I noted that these attitudes are rooted in respect for the relationship
between the two members of the pair. I proposed the Friendly Link concept and
incorporated it into the navigation model. In addition, a simple but effective method
to determine the Preferred Walking velocity is introduced. Based on that devel-
opment, the new model is better to predict the next movements of people in the
scene, therefore it can propose a more natural moving plan for side-by-side robotic
wheelchairs.
6.1 Contributions
My main contributions are summarized as following.
∙ I discovered and proposed a new concept of passing mode - the "Active
mode". This is a situation where both members of the pair temporarily revoke
the standard Side-by-side walking mode and actively choose different trajec-
tories to pass the obstacles in the middle of pathway. Through my observa-
tion and studies, this mode is actually prevalent and happens often during a
walking session of pairs when passing static obstacles. Aside from Side-by-
side and Leader-Follower modes, the Active mode should be considered as
one major walking mode of pairs.
∙ I proposed Vision factor and integrated it into the navigation model. One
previous work [10] of Ferrer et al. had mentioned this factor and incorporated
it into their model by changing the intensity of the attractive force between
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two members of the pair. However, there are three points that they did not
consider: the situation where there is an obstacle in between the pair; they
only modeled Vision factor in the horizontal plane; their model cannot explain
why some times people prefer Side-by-side mode but some other times they
choose Active mode. In my model, Vision factor represents the impact of
obstacles to the pair. It is measured in 3D space, and is used to explain
the behavior of humans in passing obstacles, in particular why they choose
Active mode but not Side-by-side and vice verse.
∙ I proposed the new concept "Friendly Link" and integrated it into the navi-
gation model. Prior to this study, Helbing & Molnar’s [35] and then Xu &
Duh [47] introduced the repulsive force and bonding force concepts. These
forces can explain why two members of a pair can maintain a stable distance
during a walking session. However, so far they did not explain and model
the effect of the relationship between the pairs’ members on a third person
(the pedestrian). My Friendly Link concept has a wider role than just adjust-
ing the distance between the two members. Friendly Link not only helps the
pair maintain a stable connection, including the distance, but also represents
respect for the relationship between the pair’s members of other pedestrians.
∙ I proposed a method to determine the Preferred Walking Velocity of pedes-
trians, including pairs. The formula looks pretty simple, however it is effective
and enables the model to be used in any situation rather than using a con-
stant value which needs to be determined in advance through collection of
statistical data. I believe that this formula can be employed for determining
Preferred Walking Velocity of other groups which have more than two mem-
bers as well.
∙ Two novel navigation models for side-by-side robotic wheelchairs were de-
veloped. The Decision Making model can generate a decision to pass an
obstacle based on optimizing their relationship in a similar fashion to what
humans normally do. The Navigation model can propose a comfortable tra-
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jectory for the side-by-side robotic wheelchairs when they come across a
pedestrian walking in the opposite direction. Based on these models, the
wheelchairs are able to generate more natural moving plans, so that the
wheelchair users, the caregivers, and surrounding people can feel more com-
fortable when working with the wheelchairs.
∙ The developed models, in fact, have included the new human motion predic-
tion methods. The new models not only can be employed for side-by-side
robotic wheelchairs but they can be used to predict the next movements of
pairs and pedestrians in some given situations as described in the studies.
6.2 Limitations
The new models were developed in quite straightforward architectural environ-
ments, mainly in a hallway, with one obstacle or with one pedestrian. In real-world
scenarios, the robots have to confront more complicated environments involving
multiple obstacles with complex shapes, or in very crowded environments with
many pedestrians, pairs, and groups of people. In those situations, I believe that
more factors have to be discovered and incorporated into the navigation models.
Another issue is the walking behaviors of each particular group of people. As
mentioned in chapter 2, each group may have some particular characteristics. For
example, young pairs keep a closer distance in walking than old pairs, elderly prefer
wider personal space, female pairs walk closer together than male pairs, etc. The
models proposed in this study mainly use constant values for the coefficients 𝑎, 𝑏, 𝑐
and weight constants 𝑘. They are suitable for common situations with people in
general. However, when we apply these models for a particular group of people,
the results may not be optimal for that group. Therefore, it should be better if we
can have different sets of coefficients for different people groups. Moreover, even
with a particular individual, his/her walking status may not be stable, depending on
complicated factors in the environments and even inside the mind. In those cases,
an online learning method for adjusting the values of 𝑎, 𝑏, 𝑐, 𝑘 during a walking
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session may need to be developed for achieving a better moving plan.
6.3 Future Work
As mentioned above regarding the Limitations of this study, I have a plan to develop
the models in this study for tackling other unsolved problems in more complex
environments. Just as an illustration about the future work, I briefly present here the
core of an ongoing study; it is a development of the Navigation model in chapter 5.
In the same setting and walking scenarios of the study in chapter 5, let’s take
a scenario in which several pedestrians walk in the opposite direction to the pair.
All the other settings are maintained, for example people are walking in a hallway
- from one end to the other end, the pair keeps a friendly relationship, and all the
pedestrians walk alone but not in pairs, etc. This is also a common walking sit-
uation in human environments. The situation is illustrated in Figure 6-1. I have
done several raw observations in some settings in real-world scenarios, including
in a hallway in a school, in a hallway of a mall, etc. Based on my observations, in
many situations, people do not walk in random directions as illustrated in Figure 6-
1 a), but they normally follow some flows as illustrated in Figure 6-1 b). This is a
common walking strategy of humans in crowded environments. This behavior was
noted and modeled in previous studies, e.g. Helbing et al. [27] with an evacuation
study, Muller et al. [69] and Stein et al. [80] with an optimizing path planner strat-
egy for a mobile robot. However, this walking behavior was not modeled for my
proposed walking scenarios above - several pedestrians and a walking pair.
In Figure 6-1 b), 𝑀𝑓𝑙𝑜𝑤 is a hidden flow of the pedestrians, where the pedes-
trians normally follow each other in crossing situations, since then that walking
strategy will not only help them to avoid collision with the people in the opposite
direction but also can help them feel more comfortable and progress more quickly
in crossing situations [69]. More than one 𝑀𝑓𝑙𝑜𝑤 can be created at the same time.
Similarly, the pair also moves along the 𝑃𝑓𝑙𝑜𝑤. Because in this setting, there is no
one moving in the same direction with the pair, we do not say that the pair them-
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Figure 6-1: Crossing situation between a pair and multiple pedestrian in a hallway
(𝑖 and 𝑗 are a walking pair and 𝑚1...𝑚4 are pedestrians walking in the opposite
direction).
selves create a flow 𝑃𝑓𝑙𝑜𝑤, but this flow is created as a side-effect of the creation
of 𝑀𝑓𝑙𝑜𝑤.
In Figure 6-2, the width of 𝑀𝑓𝑙𝑜𝑤 is 𝜌𝑚. 𝐹𝐶𝑚 represents the "backbone" of the
flow 𝑀𝑓𝑙𝑜𝑤, it is a line in the middle of 𝑀𝑓𝑙𝑜𝑤.
In this current work, I can see that pedestrians normally apply the walking strat-
egy as illustrated in Figure 6-2 as follows:
∙ At time 𝑡, the pedestrian 𝑚𝑝 is at the position 𝑝𝑚𝑡 . The distance between his
position 𝑝𝑚𝑡 and 𝐹𝐶𝑚 is 𝜎𝑚. He starts finding the next suitable position for the
next step at time 𝑡 + 1
∙ The person 𝑚𝑝 normally prefer to choose a position 𝑝𝑚𝑡+1 close to the line
𝐹𝐶𝑚. The reason is, when he chooses a position in the center of the flow
𝑀𝑓𝑙𝑜𝑤, that means he chooses the pathway where a pedestrian right in the
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Figure 6-2: The flows of pedestrians in a hallway in the situation of crossing a pair
front of him has just passed, therefore he can be sure that the pathway is free
and safe. Incorporating other factors as a normal pedestrian described in the
previous chapter, the person 𝑚𝑝 should have a similar utility 𝑈𝑚𝑝 and he tries
to maximize it to find the next position at time 𝑡 + 1.
∙ After the position at time 𝑡+ 1 is determined, he will execute the moving plan
and repeat the previous steps to find the position for the time 𝑡+ 2 and so on.
A new utility created from this crossing strategy can be described as:
𝑓𝑚𝑓𝑙𝑜𝑤 = 𝑓(𝜎𝑚, 𝜌𝑚) (6.1)
here, to conform to other utilities in the Eq. 5.12, 𝑓𝑓𝑙𝑜𝑤 should get the zero value
when 𝜎 = 0, and get minimum value when 𝜎 >= 𝜌𝑚
2
.
In this situation, several problems need to be tackled, for example:
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∙ How to determine the number of 𝑀𝑓𝑙𝑜𝑤 created in the hallway and their
locations. In the hallway, when we have many pedestrians, they may create
more than one flow to move, for example one flow in the left side of the
hallway, and the other on the right side of the hallway.
∙ How to determine the shape of 𝑀𝑓𝑙𝑜𝑤. In the ideal situation, 𝑀𝑓𝑙𝑜𝑤 can be
a straight line flow, however it can have other shapes, for example, a curved
flow.
∙ The method to determine the width 𝜌𝑚 of 𝑀𝑓𝑙𝑜𝑤.
∙ The time when a flow 𝑀𝑓𝑙𝑜𝑤 is created. We need a method to find the first
pedestrian who starts creating a flow and others start to follow him.
∙ How to model the utility 𝑓𝑚𝑓𝑙𝑜𝑤 .
Similarly, the pair will also move in a flow of their own to cross the pedestrian.
A similar utility 𝑓𝑝𝑓𝑙𝑜𝑤 needs to be created for the pair.
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